From: AIPS 2000 Proceedings. Copyright © 2000, AAAI (www.aaai.org). All

rights reserved.

Solving Planning-Graph by Compiling It into CSP

Minh Binh Do *& Subbarao Kambhampati
Department of Computer Science and Engineering
Arizona State University, Tempe AZ 85287-5406

Email: {binhminh,rag @asu.edu

Abstract

Although the deep affinity between Graphplan’s
backward search, and the process of solving con-
straint satisfaction problems has been noted earlier,
these relations have hither-to been primarily used
to adapt CSP search techniques into the backward
search phase of Graphplan. This paper describes
GP-CSP, a system that does planning by automati-
cally converting Graphplan’s planning graph into a
CSP encoding, and solving the CSP encoding us-
ing standard CSP solvers. Our comprehensive em-
pirical evaluation of GP-CSP demonstrates that it is
quite competitive with both standard Graphplan and
Blackbox system, which compiles planning graphs
into SAT encodings. We discuss the many advan-
tages offered by focusing on CSP encodings rather
than SAT encodings, including the fact that by ex-
ploiting implicit constraint representations, GP-CSP
tends to be less susceptible to memory blow-up asso-
ciated with methods that compile planning problems
into SAT encodings. Our work is inspired by the suc-
cess of van Beek & Chen’'s CPLAN system. How-
ever, in contrast to CPLAN, which expedtand-
codedCSP encodings for individual domains and
problems, GP-CSP is able to take domain descrip-
tions in STRIPS (PDDL) representation, and auto-
matically generate the CSP encodings.

1 Introduction

Since the development of the original Graphplan algorit®in
several researchels7; 31 have noted the striking similarities

between the backward search phase of Graphplan, and con-

straint satisfaction probleni28]. In most cases however, the

detection of similarities has lead to adaptation of CSP tech-

niques to Graphplan. For example, our own recent Wik

16] has considered the utility of adapting the explanation-based

*We thank Biplav Srivastava for explaining the inner workings of
van Beek and Chen'’s constraint solver, and for comments on the ear-
lier drafts of this paper. We also thank Peter van Beek for putting his
CSP library in the public domain, and patiently answering our ques-

learning and dependency directed backtracking strategies from
CSP to backward search phase of Graphplan. More recently,
researchers from CSP have started taking interest in apply-
ing constraint programming to classical planning. van Beek
& Chen[30] describe a system called CPLAN that achieves
impressive performance by posing planning as a CSP prob-
lem. However, an important characteristic (and limitation) of
CPLAN is that it expects a hand-coded encoding—humans have
to setup a domain and problem encoding independently for
each problem and domain.

In this paper, we propose a different route to exploiting the
similarities between the planning graph and CSP problems. We
describe an implemented planner called GP-CSP that solves
the planning graphs by automatically converting them into CSP
encodings. GP-CSP generates implicitly specified constraints
wherever possible, to keep the encoding size small. The en-
coding is then passed onto the standard CSP solvers in the CSP
library created by van Be¢R9]. Our empirical studies show
that GP-CSP is significantly superior to Graphplan as well as
Blackbox which compiles planning problems into SAT encod-
ings. While GP-CSP’s dominance over standard Graphplan is
in terms of runtime, its advantages over Blackbox's SAT en-
codings include improvements in both runtime and memory
consumption. The relative advantages of GP-CSP can be eas-
ily explained:

¢ Unlike the backward search in standard Graphplan, GP-
CSP is not constrained by any directional search, and
is able to to exploit all standard CSP search tech-
nigues straight out of the box. This involves non-
directional searcH24] as well as speedup techniques
such as arc-consistency, dependency directed backtrack-
ing, explanation-based learning and a variety of variable
ordering techniques. In practice, GP-CSP is found to be
orders of magnitude faster than standard Graphplan on
many benchmark problems.

e Compilation-based planning systems, such as Blackbox
[19] are typically highly susceptible to memory blowlup
CSP encodings used by GP-CSP are much less suscep-
tible to this problem for two reasons. In general, SAT
encoding of a problem tends to be larger than the CSP en-

codings used in GP-CSP (at least in terms of variables).

tions. This research is supported in part by NSF young investigator

award (NYI) IRI-9457634, ARPA/Rome Laboratory planning initia-

1Anecdotal evidence suggests that Blackbox’s performance in the

tive grant F30602-95-C-0247, Army AASERT grant DAAH04-96-1-AlPS-98 planning competition was hampered mainly by its excessive
0247, AFOSR grant F20602-98-1-0182 and NSF grant IRI-980167®emory requirements
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(a) Planning Graph (b) DCSP
Figure 1: A planning graph and the DCSP corresponding to it

Second, GP-CSP is able to use implicitly specified corshows a partial planning-graph structure. We start with the ini-
straints (c.f.[29]). This could keep the size of the encod-tial state as the zeroth level proposition list. Givek &vel
ing down considerably. planning graph, the extension of structure to lelvel 1 in-

 CSP encodings also provide several structural advanta: volves introducing all actions whose preconditions are present
9 P Yithekt” level proposition list. In addition to the actions given

:;/rircﬁﬁl ?ﬁ;ﬁdén/gf ) Tr)éy%llcearu)g C;Z pvrv%blfvmsar;ani TP?EEFI the domain model, we consider a set of dummy “persist” ac-
this improved structupre can b’e exploited in de?/elopin jons, one for each condition in tHé" level proposition list.

X X ; ; “persist-C” action ha€’ as its precondition an@’ as its ef-
directed partial consistency enforcement algorithms th%c't:). Once the actions are intrgduced the proposition list at
?r:s Ifrl::)t\?vtl)elz fgfbgsagg'Qghggﬁﬁgmgfarkﬁﬁrff |rs '(\j/lc:’ncg l;) evel k + 1 is constructed as just the union of the effects of all

g 9 ¥he introduced actions. Planning-graph maintains the depen-

posing scheduling problems as CSP probl¢&8. Ap- dency i : :

) ! y links between the actions at lekel 1 and their pre-
proaches like GP-CSP may thus provide better substralgs, iions'in level proposition list and their effects in level
for integrating planning and scheduling. In fact, in relate

: ; + 1 proposition list. The planning-graph construction also
work[27], we discuss how CSP techniques can be used {Q . oo computation and propagation of “mutex” constraints.
tease resource scheduling away from planning.

The propagation starts at level 1, with the actions that are stat-
The rest of the paper discusses the design and evaluatiori@lly interfering with each other (i.e., their preconditions and
GP-CSP. In Section 2, we start with a brief review of Grapheffects are inconsistent) labeled mutex. Mutexes are then prop-
plan. Section 3 points out the connections between Graphplagiated from this level forward by using a two simple rules: two

and CSP, and discusses how planning graph can be autoniepositions at levet are marked mutex if all actions at level
ically encoded into a (dynamic) CSP problem. In Section 4; that support one proposition are mutex with all actions that
we describe the way GP-CSP automatically converts planniggPport the second proposition. Two actions at lével1 are
graph into a CSP encoding in a format that is handled by a tteutex if they are statically interfering or if one of the propo-
CSP library developed by van Bdek]. Section 5 describe Sitions (preconditions) supporting the first action is mutually
experiments that compare the performance of vanilla GP-CSclusive with one of the propositions supporting the second
with standard Graphplan as well as Blackbox (with two differaction.

ent SAT solvers). We will consider improvements to the en- The search phase on /a level planning-graph involves
coding size in Section 6 and improvements to the CSP solvehecking to see if there is a sub-graph of the planning-graph
in Section 7. Section 8 discusses the relation to other wotkiat corresponds to a valid solution to the problem. This in-
and Section 9 summarizes the contributions of the paper andlves starting with the propositions corresponding to goals at

sketches several directions for future work. level k (if all the goals are not present, or if they are present
but a pair of them are marked mutually exclusive, the search
2 Review of Graphplan algorithm is abandoned right away, and planning-grap is grown another

level). For each of the goal propositions, we then select an ac-
Graphplan algorithmi2] can be seen as a “disjunctive” ver-tion from the levelk action list that supports it, such that no
sion of the forward state space plannirg; 13. It consists of two actions selected for supporting two different goals are mu-
two interleaved phases — a forward phase, where a data strucally exclusive (if they are, we backtrack and try to change
ture called “planning-graph” is incrementally extended, and the selection of actions). At this point, we recursively call the
backward phase where the planning-graph is searched to eame search process on the- 1 level planning-graph, with
tract a valid plan. The planning-graph consists of two alternathe preconditions of the actions selected at lévas the goals
ing structures, called proposition lists and action lists. Figurefbr thek — 1 level search. The search succeeds when we reach
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Figure 2: Compiling a DCSP to a standard CSP

level 0 (corresponding to the initial state). fact (proposition) mutex constrain@nd subgoal activation
Consider the (partial) planning graph shown on the left igonstraints

Figure 1 that Graphplan may have generated and is about toSince actions are modeled as values rather than variables,

search for a solution; - - - G4 are the top level goals that we action mutex constraints have to be modeled indirectly as con-

want to satisfy, andl; - - - A4 are the actions that support thesestraints between propositions.  If two actiomsandas are

goals in the planning graph. The specific action-preconditiomarked mutex with each other in the planning graph, then for

dependencies are shown by the straight line connections. Téwery pairof propositiong,; andp;» whereaq, is one of the

actionsAs - - - A;; at the left-most level support the conditionspossible supporting actions fpr; andas is one of the possible

Py - -+ P in the planning-graph. Notice that the conditiaRs ~ supporting actions fas,», we have the constraint:

and P, at levelk — 1 are supported by two actions each. The

x-marked connections between the actidRs Ay, Ag, As and 2 (p11 = a1 A pi2 = ag)

Az, A1, denote that those action pairs are mutually exclusive. Fact mutex constraints are modeled as constraints that pro-

(Notice that given these mutually exclusive relations alongibit the simultaneous activation of the two facts. Specifically,

Graphplan cannot derive any mutual exclusion relations at thitwo propositionsp;; andp;» are marked mutex in the plan-

proposition levelP; - - - Pg.) ning graph, we have the constraint:
) = (Active(p11) A Active(pr2))
3 Connections between Graphplan and CSP Subgoal activation constraints are implicitly specified by ac-

The process of searching the planning graph to extract a vafi@n Preconditions: supporting an active propositiowith an

plan from it can be seen as a dynamic constraint satisfacti@§tiona makes all the propositions in the previous level corre-
problem. The dynamic constraint satisfaction problem (DCSFPonding to the preconditions afactive. _

[23] (also sometimes called a conditional CSP problem) is a Finally, only the propositions corresponding to the goals of
generalization of the constraint satisfaction prob[@8], that the problem are “active” in the beginning. Figure 1 shows the
is specified by a set of variables, activity flags for the variable§lynamic constraint satisfaction problem corresponding to the
the domains of the variables, and the constraints on the legai@mple planning-graph that we discussed. _
variable-value combinations. In a DCSP, initially only a subset. 1here are two ways of solving a DCSP problem. The first,
of the variables is active, and the objective isfitad assign- direct, approach23] involves starting with the initially active
ments for all active variables that is consistent with the convariables, and finding a satisfying assignment for them. This
straints among those variables addition, the DCSP specifi- 8SSignment may activate some new variables, and these newly
cation also contains a set of “activity constraints.” An activityctivated variables are assigned in the second epoch. This pro-
constraint is of the form: “if variable takes on the value,, ~C€SS continues until we reach an epoch where no more new
then the variableg, z, w... become active.” variables are activated (which implies success), or we are un-

The correspondence between the planning-graph and {@Rle to give a satisfying assignment to the activated variables at

DCSP should now be clear. Specifically, the propositiond 9vV€n epoch. In this latter case, we backirack to the previous
at various levels correspond to the DCSP varidblaad the epoch and try to find an alternative satisfying assignment to

actions supporting them correspond to the variable domairfose variables (backtracking further, if no other assignment is
There are three types of constrairgstion mutex constraints, POSSible). The backward search process used by the Graphplan
algorithm[2] can be seen as solving the DCSP corresponding

2Note that the same literal appearing in different levels corret-0 the planning graph in this direct fashion.

sponds to different DCSP variables. Thus, strictly speaking, a literal 1 h€ se€cond approach for solving a DCSP is to first compile
pin the proposition list at levalis converted into a DCSP varialge. It into a standard CSP, and use the standard CSP algorithms.
To keep matters simple, the example in Figure 1 contains syntacticallhis compilation process is quite straightforward and is illus-
different literals in different levels of the graph. trated in Figure 2. The main idea is to introduce a new “null”
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value (denoted by ") into the domains of each of the DCSP 3.1 Size of the CSP encoding
variables. We then model an inactive DCSP variable as a Csfﬁppose that we have an averageaictions andm facts in

variable_ which takes _the.value. The constraint that a paytic- each level of the planning graph, and the average number of
ular variableP be active is modeled a8 #.1. Thus, activity preconditions and effects of each action preande respec-

constraint of the form tively. Lets indicate the average number of actions support-

G, = Ay = Active{P,, P, P;} ing each fact (notice that is connected te@ by the relation
is compiled to the standard CSP constraint ne = ms), andl indicate the length of the planning graph.
Gi= Al = Py #£1 APy £1 APy #1 For the GP-CSP, we ne€?d(Im) variables, and the following

. . L i binary constraints:
It is worth noting here that the activation constraints above

are only concerned about ensuring that propositions that are® O(In”e”) binary constraints to represent mutex relations
preconditions of a selected action do take nomalues. They in action levels. To see this note that if two actiens
thus allow for the possibility that propositions can become ac-  anda, are mutex and, supportse propositions and

tive (take nond values) even though they are strictly not sup- ~ Supportse propositions, then we will wind up having to
porting preconditions of any selected action. Although this can  model this one constraint &e”) constraints on the legal
lead to inoptimal plans, the mutex constraints ensure that no Vvalues the propositions supported dyanda, can take
unsound plans will be producdd9]. To avoid unnecessary together.

activation of variables, we need to add constraints to the effecte ((1/m2) binary constraints to represent mutex relations in
that unless one of the actions needing that variable as a pre- action levels.

condition has been selected as the value for some variable in : . - :

the earlier (higher) level, the variable must havealue. Such ¢ O(lmsp) binary constraints for activity refations.
constraints are typically going to have very high arity (as they In the default SAT encoding of Blackbox, we will need
wind up mentioning a large number of variables in the previous (I(m + n)) variables (since that encoding models both ac-

level), and may thus be harder to handle during search. tions and propositions as boolean variables), and the following
Finally, a mutex constraint between two propositions constraints (clauses):
= (Active(pi1) A Active(pi2)) e O(In?) binary clauses for action mutex constraints.

is compiled into e O(Im) clauses of length to describe the constraints that

= (pin #L Ap12 #1). each fact will require at least one action to support it.

Since action mutex constraints are already in the standard, O(Inp) binary clauses to indicate that action implies its
CSP form, with this compilation, all the activity constraints  raconditions.
are converted into standard constraints and thus the entire CSP ] o ]
is now a standard CSP. It can now be solved by any of the As the expressions indicate, GP-CSP has @{jm) vari-
standard CSP search techniq(2g] .3 ables compared t®(I(n + m)) in Blackbox’s SAT encod-

It is also worth notind17], most of the mutex constraints iNg- However, the numbe;r of constraints is relatively higher in
are “derived” constraints and are thus redundant. Soundnes§&B-CSP. This increase is mostly because theregre”e?)
guaranteed as long as we keep mutex constraints correspoff@Rstraints modeling the action mutexes in GP-CSP, instead
ing to static interferences between actions. The remainir®f O(In?) constraints (clauses). The increase is necessary be-
propagated action mutexes, as well as all fact mutex constrai§@use in CSP, actions are not variables, and that mutual ex-
are redundant. clusions between actions has to be modeled indirectly as con-

The direct method has the advantage that it closely miptraints on legal variable-value combinations. In Section 6, we
rors the Graphp|an's p|anning graph structure and its bac[@escrlbe how we can expl0|t the !mp'ICIt nature of constraints
ward search. Because of this, it is possible to implement tfié GP-CSP to reduce the constraints.
approach on the plan graph structure without explicitly repre- The fact that direct translation of planning graph into CSP
senting all the constraints. The compilation to CSP requirégads to higher number of constraints doesn’t necessarily mean
that planning graph be first converted into an extensional CSpat GP-CSP will consume more memory than SAT encodings,
It does however allow the use of standard algorithms, as wélpwever. This is because GP-CSP represents constraints in an
as supports non-directional search (in that one does not havéplicit fashion, thus making for a more compact representa-

follow the epoch-by-epoch approach in assigning variabledjon. Nevertheless, there may be domains where the savings
This is the approach taken in GP-C5SP. in memory through implicit representation does not offset the

_ ) ~increase due to the number of constraints.

3It is also possible to compile any CSP problem to a propositional
satisfiability problem (i.e., a CSP problem with boolean variables) . . A,
This is accomplished by compiling every CSP variablehat has 4 Implementatlon details of Comp”'ng
the domain{v;, va,---,v,} into n boolean variables of the form Planning Graph to CSP

Pisv; - - - Pisv,. Every constraint of the forl® = v; A--- = ---is . . . .
compiled toP-isw;A - -- = ---. This is essentially what is done by ~S mentioned in the previous section, GP-CSP uses the CSP

the BLACKBOX systen{19]. encoding of the planning graph. The basic idea is to let Graph-
“Compilation to CSP is not a strict requirement for doing nonPlan build the planning graph representation, and convert into
directional search. 1#32], we describe a technique that allows the? CSP encoding, along the lines illustrated in Figure 2. We
backward search of Graphplan to be non-directional, see the discuse the CSP library created by van BE, and thus our con-
sion in Section 9. straints are put in a format that is accepted by their library.
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GP-CSP | Graphplan

Satz | Relsat

time(s) | mem | length | time(s) mem | length

time(s) | mem | length | time(s) | mem | length

bw-12steps 7.59 11™M | 12/12 0.42 1M 12/12

8.17 64 M | 12/12 | 3.06 70M | 12/12

bw-large-a 138 45M | 12/12 1.39 3M 12/12

47.63 88M | 12/12 | 29.87 | 87 M | 12/12

log-rocket-a| 9.25 5M 26/7 68 61 M 30/7 8.88 70M | 33/7 8.98 73M 34/7
log-rocket-b 19.42 5M 26/7 130 95 M 26/7 11.74 70M 2717 17.86 | 71 M 26/7
log-a 16.19 5M 66/11 1771 177 M | 54/11 7.05 72M | 73/11 4.40 76 M 74/11
log-b 2898 6 M 54/13 787 80M | 45/13 16.13 79M | 60/13 | 46.24 | 80M | 61/13
log-c >3hours - - >3 hours - - 1190 84 M | 76/13 | 127.39| 89 M | 74/13
frid02 0.97 1M 13/6 0.65 1M 13/6 3.03 62 M 13/6 1.40 67 M 13/6

hsp-bw-02 1.94 5M 10/4 0.86 1M 10/4

7.15 68M | 11/4 2.47 66 M 10/4

hsp-bw-03 20.26 90 M 16/5 5.06 24 M 13/5

> 8 hours - - 194 121 M | 17/5

hsp-bw-04* 814 262M | 18/6 19.26 83 M 15/6

> 8 hours - - 1682 | 154 M | 19/6

Table 1: Comparing direct CSP encoding of GP-CSP with Graphplan, and Blackbox. All problems except hsp-bw-04 were ran

in Sun Ultra 5, 256 M RAM machine. Hsp-bw-04 was ran on a Pentium 500 MHz machine running LINUX with 512 M RAM.

Here are some implementation level details of the way encod-
ings are generated:

1. We start by removing all irrelevant nodes from the plan-
ning graph. This is done by essentially doing a reacha-
bility analysis starting from the goal propositions in the
final level. This step is to reduce the size of the encoding
so it only refers to the part of the planning graph that is
actually relevant to solving the current problem.

2. Each of the propositions in the minimized graph is given a
unique CSP variable number, and the actions in the graph
are given unique CSP value numbers.

3. The domains of individual variables are set to the the set
of actions that support them in the planning graph, plus
one distinguished value correspondingltdor all propo-
sitions in levels other than the goal level. The null value
is placed as the first value in the domain of each variablé

4. Setting up the constraints: van Beek's CSP library al-
lows for definition of implicit constraints. It does this by
allowing definition of schematized “constraint types” andom
declaring that a constraint of a particular type holds b
tween a set of variables. Each constraint type is asso %9]
ated with a function that can check, given an assignme g
for the constraint variables, whether or not that constrair}
is satisfied by that assignment. In GP-CSP, we defid
three types of constraints called, respectiaadiivity con-
straint fact mutex constrairgndaction mutex constraint
The activity constraints just ensure that if the first vari-
able has a non-null value, then the second variable shodfi
also have non-null value. The fact mutex constraints er
sure that both of the variables cannot have nowalues
simultaneously. The action mutex constraints ensure th
the values assigned for two variables are not a pair of a¢*-
tions that are mutex with each other. with

5. Checking the constraints. The CSP formulation accepteghd
by van Beek's CSP library is very general in the sensgat

functions for each type of constraint in the implicit repre-
sentation. To make things easier for checking constraints,
we create a global hashtable when setting up the CSP for-
mulation. The hashtable maps the index of each individ-
ual constraint with the actual actions participating in that
constraint. For the activity constraint, it is an action that
when assigned for the fact at the higher level will cause
the fact in the lower level to become active. For the mutex
constraint, it is a pair of actions that are not allowed to
be values of variables in that constraint. Whenever a con-
straint is checked by the solver, the corresponding check-
ing function will consult the hashtable to match the cur-
rent values assigned for its variables with the values in the
hash entry for that constraint, and return the vaitue or
falseaccordingly.

Results

We have implemented GP-CSP completely, and have begun

paring its performance with other Graphplan based plan-

1ing systems—including the standard Graphplan and Blackbox

which compiles the planning graph into a SAT encod-
Note that all three systems are based on the same origi-

al C implementation of Graphplan. Therefore, the differences
A performance between those three are solely between their
searching time, and conversion time. As the matter of fact, the
time to convert the plangraph to CNF form in Blackbox, and to
.the CSP encoding in GP-CSP are similar, and are quite trivial
8mpared with graph expansion, and searching times. For ex-
mple, in problemlog-b, Blackbox spends 0.12s for converting
a grahph, 1.1s for expanding, and around 16.7s for searching.
pr the same problem, our best GP-CSP implementation takes
.11s for conversion, 1.1s for expanding the graph, and 2.79s
or solving the CSP encodimjThe CSP encodings are solved

GAC-CBJ, a solver that does generalized arc consistency
conflict-directed backjumping (DDB). This is the solver
CPLAN system usefB0]. Table 4 compares the perfor-

that it allows us to specify which variables participate inmance of these systems on a set of benchmark problems taken

which constraint, and the type for each constraint, but

nothing more. Unlike the explicit representation, inwhich  syote that we did not mention the time each SAT solver in Black-
the solver will automatically generate the set of satisfyhox need to convert the CNF form to their own structure. This extra

ing or failure assignments given a set of constraints in thgne
CSP formulation, we have to write customized checkingrom

is not needed in our GP-CSP system, because we convert directly
the plangraph to the structure that the GAC-CBJ solver can use.
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| [ FC [ AC [ Only A-Mutex (with FC) | by the fact that our default value ordering strategy considers

bw-12steps|| 7.59 | 33.37 7.54 1 value for every variable (proposition), as long as it is not
bw-large-a || 138 | 1162 140 forbidden to consider that value. We are currently considering
log-rocket-a|| 9.25 | 23.14 8.31 adding constraints to capture thaly if part of the activation,
log-rocket-b || 19.42 | 49.34 19.48 to see if that improves quality without significantly worsening

log-a 16.19 | 32.73 83 performance.

rid02 097 | 157 1.05 We also did some preliminary experimentation to figure out
hsp-bw-02 || 1.94 | 6.81 1.83 the best settings for the solver, as well as the encoding. In
hsp-bw-03 || 20.26 | 160 21.04 particular, we considered the relative advantages of doing arc-

consistency enforcement vs. forward checking, and the util-
Table 2: CSP with different techniques. Time in cpu secondsly Of keeping fact mutexes-which, as mentioned earlier, are
derivable from action mutexes. Table 2 the results of our study.
) . The column titled “FC” shows the result of applying only for-
from the literature. The results show that GP-CSP is compafard checking for all 3 types of constraints, the column titled
itive with Graphplan as well as Blackbox with two state-of“AC” shows the result of using arc-consistency for all types
the-art solvers—SATZ and RelsatVhile there is no clear-cut of constraints. Forward checking involves doing constraint
Wln.ner for all domalns, we can see that Graphplan is better f(ali'opagation on|y when all but one of the variables of a con-
serial and parallel blockworld domains, and worse for the Iostraint are instantiated. Arc-consistency is more eager and at-
ngth, in which GP-CSP and two SAT solvers are quite ClOS@mpts propagation even if two (i_e_, all-since we On|y have
in most of the problems. _ _ binary constraints) of the variables in the constraint are un-
Of particular interest are the columns titled “mem” that givenstantiated. The comparison between these columns shows
the amount of memory (swap space) used by the program tifat forward checking is better in every problem. We thus went
solving the problem. We would expect that GP-CSP, whiclith forward checking as the default in all other experiments
uses implicit constraint representation, should take much legcluding those reported in Table 4). The last column reports
space than Blackbox which converts the planning graph inign the effect of removing the redundant fact mutex constraints
a SAT encoding. Several of the problems do establish thigom the encoding (assuming we are doing forward checking).
dominance. For example, most logistics problems take abogbmparing this column with that titled “FC”, we can see that
6 megabytes of memory for GP-CSP, while they take upto &@hile including fact mutex constraints in the encoding does not
megabytes of memory for Blackbox’s SAT encoding. One eXchange the solving time for most of the tested problems, there
ception to this memory dominance of GP-CSP is the parall® a problem (log-a) in which we can solve it 4 times faster if
blocks world domain taken from the HSP suif. Here, the e include the fact mutex constraints. Because we have not
inefficient way the CSP encoding represents the mutex cofsund any problem in which fact mutex constraint consider-
straints seems to increase the memory requ|rements of GP-C&Qﬁy slows down the search or worsens memory Consumption,

as compared to Blackbox. In this domain, the number of agge decided to keep them in the default encoding of GP-CSP
tions that can give the same fact is quite high, which leads gnhcoding.

an higher number of mutex constraints in GP-CSP formula-
:ion, ?Omfare%\,\{itShA?éT' Nc;e\l/?erlthetlgs;,]GtIZ—CSR was still ablg Improving encoding size by exploiting
o outperform bo and Relsat in that domain. . . . .

Thepcolumns titled “length” in Table 4 give the length of the implicit constraint representation
p|ans returned by each solver (both in terms of steps and f¢ mentioned earlier, theGP-CSP encodi_ng described above
terms of actions). These statistics show that the solution rB10dels the mutex constraints in a way that is less compact than
turned by GP-CSP s strictly better or equal to Blackbox usingossible. A mutex constraint between two actions is translated
either SATZ or Relsat for all tested problems. However, for afio O(e?) constrains on the proposition-action (variable-value)
but one problem, the standard directional backward search @mbinations—leading t0 (in*e*) constraints. While implicit
Graphplan returns shorter solutions. This can be explained BgPresentation of constraints allowed GP-CSP to win over SAT
noting that in the standard backward search, a proposition w@incodings, in terms of memory, in most cases, the increased
be activatedf and only ifan action that needs that propositionnumber of constraints do increase its memory consumption,
as a precondition gets chosen in that search branch. In c@specially in domains such as the parallel (HSP) blocks world.
trast, as we mentioned in Section 3, the activation constraintsWe have devised a method that uses the implicit constraint
in GP-CSP encoding only capture tifigoart, leaving open the representation, and exploits the Graphplan data structures to
possibility of propositions becoming active even when no a¢educe the number of constraints needed to model action mu-
tion needing that proposition has been selected. This can tHgxes fromO(in’e?) to O(m?) (wherem andn are, respec-
lead to longer solutions. The loss of quality is kept in checkively, the number of proposition and actions per level, and
- is the length of the planning graph), while still keeping the ar-

®To make comparisons meaningful, we have run the SATZ andly of constraints binary. We now describe the details of this
Relsat solvers without the random-restart strategy, and setting th€ompact” encoding:

cutoff-limit to 2000000000. This is mainly because random-restart | trast to th | di in which tart f
is a technique that is not unique to SAT solvers; see for example ® nconfrastto the normal éncoding, In Which we start from

[16] for the discussion of how random-restart strategy was introduced & Mutex relation between a pair of actions, and set up con-
into Graphplan’s backward search. However, the running times of sat ~ Straints over every pair of effects of those two actions, we
solvers are still much depended on the intial random seeds, so we take Will start from nodes in the fact levels for the compact en-
an average of 10 runs for each problem. coding. For every pair of relevant facts in one level, we
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normal encoding compact encoding

time | mem [ length|[ mutex | total time | mem [ length | mutex | total

bw-12steps|| 7.59 11 M 12/12 96607 99337 1.96 3M 12/12 | 6390 9120
bw-large-a 138 45 M 12/12 | 497277 | 503690 1234 | 11 M 12/12 | 26207 | 32620
log-rocket-a| 9.25 5M 26/7 21921 23147 4.01 3M 26/7 4992 6218
log-rocket-b || 19.42 5M 26/7 26559 27881 6.19 4 M 26/7 5620 6942

log-a 16.19| 5M 66/11 | 16463 18392 334 | 4M 64/11 | 4253 | 6182
log-b 2898 | 6M 54/13 | 24301 26540 110 | 55M | 55/13 | 4149 | 6388
frid02 0.97 1M 13/6 14326 17696 083 | 1.2M | 13/6 222 3592

hsp-bw-02 || 1.94 5M 10/4 78307 79947 0.89 | 45M | 11/4 | 2001 | 3641
hsp-bw-03 || 20.26 | 90 M 16/5 | 794670 | 800976 | 4.47 | 13M | 16/5 | 8585 | 14891
hsp-bw-04* || 814 | 262M | 18/6 | 2892732| 2907293 39.57 | 64 M | 18/6 | 21493 | 36054

Table 3: Utility of encoding mutex constraints compactly

will check if at least one pair of actions supporting them/  Improvements to the CSP Solver

2;? g:]:tﬁ)](u tgxtgg:]est%;ﬁisin?/toll(\e/ﬁ]sé t?]r:)(aseSl;g?tsF)alr, we W'.” The CSP solver that we have used for our initial experiments
: is the GAC-CBJ solver that comes pre-packaged with CPLAN
constraint library. GAC-CBJ uses forward-checking in con-
¢ Notice that in the normal encoding, we commit to a spejunction with conflict directed backjumping. While this solver
cific action mutex whenever we set up a CSP muteitself was quite competitive with Blackbox and Graphplan, we
constraint, while we only have very general informatiordecided to investigate the utility of a variety of other enhance-
about relation between supporting actions in the compantients commonly used to improve CSP solvers. The enhance-
encoding. In order to check the constraint, we will need enents investigated by us include: (1) explanation based learn-
data structure that contains, for every pair of propositioning (EBL) (2) level-based variable ordering, (3) random restart
the list of forbidden action assignments for those propossearch with cutoff limit on backtracks (4) distance based vari-
tions. In fact, Graphplan already keeps such a data struable and value orderind g, (5) min-conflict value ordering,
ture, which is accessed with the functiare _mutex in  and (6) the use of bmutex constraif@. In our experiments
the standard implementation. Suppose that we have actitmdate, only the first three enhancements have demonstrated
mutex constraint between facts P, and Q, and the curresignificant improvements in performance. We thus limit our
values assigned by the CSP solverto P, Q area We  discussion to these three enhancments. Complete details of
will use the callare _mutex (a;,a) to check whether or our experiments can be found[i].
not (a, &) are actually mutex or not for this particular
action assignment. If they are, then we will tell the CS.1 EBL and nogood learning

solver to reject the current assignment. The most important extension to the solver is the incorporation
of EBL, which helps the solver explain the failures it has en-
Clearly, with this approach, the number of constraintﬁ%"snetef;eiﬁjrdeusr':]a% e‘cﬁ‘g]r Ch’TﬁanlSZf, ;ggsgrgxsqlc?rg%“ggs ptgrt‘allo id
needed to model action mutexegiglm?)—since in the worst ariable-value assi . . X .
. i - gnments, with the semantics that any assign-
g?ss%me\éegzt?oi:rgﬁtg)rfposmOns ateach level may be relateo}r/nent th_at subsumes a nogood cannot be refined into a so_Iution.
’ Extending GAC-CBJ to support EBL is reasonably straight-
Experiments with the new encoding show that it can helfoward as the conflict-directed backtracking already provides
to reduce the number of CSP constraint representing Graphost of the required apparatus for identifying minimal fail-
plan’s mutex relations from 4 to 140 times. In particular, Taure explanations. Specifically, our nogood recording process
ble 3 shows the comparison between the two types of encdd-similar to thgump-back learningliscussed ih12].
ing. The columns named “mutex” show that the number of Once we know how to identify failure explanations, we have
CSP mutex-based constraints reduced by 4-140 times in tteedecide how many explanations to store for future use. In-
compact encoding, compared with the normal one. As the rdiscriminate storage of nogoods is known to increase both the
sult, the memory consumed by GP-CSP, which is shown in theemory consumption, and the runtime (in terms of the cost
“mem” columns of table 3, is reduced from 4-6 times for probincurred in matching the nogoods to the current partial Two
lems that use more than 10 MB of memory, and is now alwayaf the best-known solutions for this problem in CSP are size-
less than that consumed by Blackbox (see Table 4). The ndased learning12], and relevance-based learnifld. A k-
encoding also seems to be easier to solve in all but one prategree sized-based learning will ignore any nogoods of size
lem. In particular, problem log-b and hsp-bw-04 can be solvegreater thark (i.e., any nogood which names more than
28 and 20 times faster than the normal encoding. For most wdiriables and their values). ixdegree relevance-based learn-
the other problems we also get speedup of up to 4x. The orilyg scheme ignores any no-good that differs from the current
problem that experiences considerable slowdown is bw-largeartial assignment in more tharvariable-value assignments.
a, which is an easy problem to begin with. Thus, compa@&ince relevance is defined with respect to the current partial
encoding is superior to the direct encoding. assignment, relevance of a nogood varies as we backtrack over
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Problem size-based EBL relevance-based EBL Speedup /Mem-ratio for GP-CSP + Rel-10 EBL

3t | 3m | 10t [ 10m [ 30t [ 30m [ 10t | 10m| 5t [ 5m || GP-CSP | Graphplan| SATZ Relsat
bwl2steps| 1.69 | 11M | 1.31 | 11M | 150 | 11 146 | 10M | 1.40 | 10 || 1.34/0.30 | 0.28/0.1 | 5.60/6.40 | 2.10/7.00
bw-large-a | 608 | 24M | 259 | 24M | 173 | 26M || 134 | 26M | 128 | 24M || 9.21/042 | 0.01/0.12 | 0.36/3.38 | 0.22/3.34
rocketa | 3.69 | 8M | 2.08 | 8M | 249 | 8M || 239 | 11M | 259 | 11M || 1.68/0.27 | 28.45/554| 3.72/6.36 | 3.76/6.63
rocketh | 552 | OM | 355 | 9M | 433 | 9M || 400 | 10M | 431 | 10M || 1.55/0.4 | 32.5/9.50 | 2.94/7.00 | 4.47/7.10

log-a 2.67 | 15M 2.37 18M 2.26 18M 2.30 18M 2.60 | 18M 1.45/0.22 770/9.83 3.07/4.00 1.91/4.22
log-b 59.58 | 18M | 39.55 | 19M | 48.22 | 29M 35.13 | 19M | 36.77 | 18M 3.13/0.29 | 22.40/4.21| 0.46/4.16 1.32/4.21
log-c 153 24M 61 24M 63 34M 48.72 | 25M 65 25M 10.47/0.88 >220 24.42/3.36 | 2.61/3.56

hsp-bw02 1.08 | 12™Mm 1.03 12M 1.14 12m 1.09 12M 1.05 | 12m 0.82/0.37 | 0.79/0.08 6.56/5.67 | 2.27/5.50
hsp-bw03 5.08 | 26M 5.04 26M 5.19 26M 5.17 41M 512 | 41M 0.86/0.32 | 0.98/0.59 >5570 37.52/2.95
hsp-bw04* | 40.41 | 86M | 38.01 | 86M | 24.07 | 89M 23.89 | 86M | 26.57 | 86M 1.65/0.75 | 0.81/0.97 >1205 70.41/1.79

Table 4: Incorporating EBL into GAC-CBJ. Times are in second. All problems are ran in Sun Ultra 5 Unix machine with 256
MB of memory. To be consistent with other tables, problem hsp-bw04 is ran in Linux machine.

partial assigments during search. [ pob [ toc [ ioce] pc [ oice [[ oele | cp |
Table 7 shows the time and memory requirements in solving bwizsteps|| 2.20 1.26 1.59 1.12 146 | 042

problems in blockworld (serial, and parallel), rocket, and logis-| bw-large-a || 12.90 | 6.88 | 1324 | 658 134 | 139

tics domains for botkize-basedandrelevance-baselg@arning rocket-a 1240 | 5212 | 471 2.29 2.39 68

schemes. For size-based learning we experimented with Siz€ rocketb 629 43.23 118 15.82 4.00 130
limits of 3, 10, and 30. The results suggest that the nogood™ o4-a 1800 | >1800 | >1800 | 22.93 230 | 1771
size of around 10 gives the best compromise results between 54, >1800 | 727 | >1800 | >1800 || 35.13 | 787
the time and memory requirement for most of the problems oo 1 103 | 108 | 112 | 105 109 | o086
However, for the two blocksworld domains, the bigger the size[ o5 a ™ 521 | 523 | 518 | 512 517 | 506
of nogoods we learn, the better the speedup we are able
get. Especially for the parallel blockworld domain, significant

speedups only occur with}= 30. _ _ Table 5: Different variable orderings. The EBL used in this
For the relevance-based learning, we experimented with relxperiment size-based EBL with maximum nogood size is set
evance limits of 5 and 10. In both cases, we also includedig 10. All experiments are done in the Ultra5 Unix machine,

size limit of 50 (i.e., no nogood of size greater than 50 is evefycept hsp-bw4, which is ran in Linux 500MHz machine.
stored, notwithstanding its relevance). The 4 columns grouped

under the heading “relevance-based EBL” in table 7 show the

performance of relevance-based learning on GP-CSP in terms

of time and memory consumptions. We see that relevance- i )

based learning is generally faster than the best size-based ledR§S corresponding to planning graphs of skendk + 1

ing in larger problems. The memory requirements for reld® & completely independent. This is in contrast to Graph-

vance and sized-based learning were similar. We thus maB&n's backward search which uses the failures (“memos”) en-

relevance-10 learning to be the defaultin GP-CSP. counteredin searchmgkaleyel planning graph to improve the
The last 4 columns in table 7 show the speedups in tim&&arch of & + 1 level planning graph. Since inter-level mem-

and the relative memory consumption of GP-CSP armed wifjzation is typically quite useful for standard Graphplan, we

relevance-10 EBL compared with the naive GP-CSP (witﬁ'so implemented a version ofIGP-CSP-EBLFhat stores the no-

compact-encoding), Graphplan, and blackbox with SATZ an@00ds learned from the encoding correspondiriglavel plan-

Relsat. For example, the cell in the row named rocket-a, afi"d 9raph and attemps to use itin- 1 level planning graph.

the column titled Relsat has value 3.76/6.63. This means th§ do this, we had to enhance the translation scheme such that
GP-CSP with EBL is 3.76 times faster. and consumes 6.d8tracks the mapping between the variables in two consecutive

times lessmemory than Blackbox with Relsat on this prob-encodings. Armed with this mapping, we then translate the no-
lem. The results show that with EBL, the memory consum oods Igarned in solving thielevel _encodlng into additional

tion of GP-CSP is increased, butis still consistently 2 to 7 timegonstraints for thé: + 1-level encoding. To ensure the sound-
smaller than both SATZ, and Relsat. GP-CSP is faster th&§SS of the translated nogoods, the translation scheme must

Relsat (which is a powerful SAT solver, that basically use%ﬁe inpo account the fact that the set of active variables (i.e.,
the same search techniques as GP-CSP’s GAC-CBJ-EBL)t vanaples that cannot take the valuechange aswe extend .
all but bw-large-a problem. It is slower than SATZ on onlythe planning graph. Although we managed to implement this
two problems, bw-large-a and log-b. The solution length, i,tpter-lev_el nogpod usage and venfy its correctness, we found,
terms of number of actions, returned by GP-CSP is also alwa}our disappointment, that reusing recorded nogoods does not
smaller or equal to both SATZ and Rel&at after all prov_lde a favorable cost-benifit ratio. We found that
As discussed until now. GP-CSP considers the CSP encddg€ Of such inter-level nogoods lead to consistently worsened
' performance than using intra-level nogoods alone. Our best

"The solutions returned by GAC-CBJ-EBL is the same with the&xplanation for this phenomenon is that it is caused by the dif-
ones returned by GAC-CBJ ferences between the Graphplan’s memoization strategy, and

hsp-bw4* 5.76 4.87 19.29 14.64 23.89 19.26
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|_prob | GP-CSP| SATZ | Relsat] length plan construction problem, of the kind solved by the
rocket-a| 1.79 7.98 | 8.33 Graphplan’s backward search algorithm, into some canonical
rocket-b| 1.90 | 11.62| 15.57 combinatorial problem such as SAT, IP (Integer Programming)
log-a 2.37 6.27 | 3.73 or CSP. The first approach of this type was Kautz & Sel-
log-b 3.64 19.30 | 42.21 man’s SATPLAN, which used hand-coded SAT encodings of
log-c 657 | 4627 | 62 bounded length planning problerf®0]. Ernst et. al.[9] ex-
tended this idea by advocating automated construction of SAT
Table 6: GP-CSP with cutoff limit of 5000 encodings from a STRIPS-type problem specification. They
also studied the tradeoffs among multiple different compila-
the standard EBL nogoods (skis]).8 tion techniques. Kautz & Selman then developed the Black-
box systeni19] that automatically converts the planning graph
7.2 Level-based Variable ordering into a SAT encoding. Others, including Bockmayer & Di-

Since standard Graphplan seems to do better than GP-CSPNAPolous[3], as well as Kautz & Walsef22] considered
domains like the serial blockworld, we wondered if the levehand-coded integer programming encodings of planning prob-
by level variable ordering, that is used in Graphplan, willems. Despite the fact that the between Graphplan's plan-
also help GP-CSP to speed up the search in those domaiﬂﬁg graph and CSP as well as SAT was noticed earlji@n
Currently, the GAC-CBJ solver used in GP-CSP usesiihe 31, van Beek & Cher{30] were the first to consider com-
namic variable orderingvhich prefers variables with smaller Pilation of planning problems into CSP encodings. As we
live domains (D), breaks ties by theost-constrained vari- mentioned earlier, their emphasis in CPLAN was on hand-
able orderingwhich prefers variables that take part in mored€nerating tight encodings for individual domains, and they
constraints(C), followed by the level-based variable orderingefend this approach by pointing out that in constraint pro-
(L) which prefers variables from higher levels of the plandramming, domain-modeling is taken seriously. While we un-
ning graph. Let us call this default strategy the DCL strategfierstand the advantages of hand-coded encodings, we believe
DCL strategy gives tertiary importance to the level informathat many of the facets that make CPLAN encodings effective
tion. To make variable ordering more Graphplan-like, we trie@'€ ones that can be incrementally automated. GP-CSP is a
two other variable orderings LDC, which gives primary imporJirst step in that process, as it automatically constructs a CSP
tance to level, and DLC which gives it secondary importanc&ncoding that is competitive with other direct and compiled
The peformance of these three variable ordering strategies &RProaches to solving planning graph. In future, we expect to
compared in Table 7.1. As we can easily see, the new vafilProve the encodings by introducing ideas based on distances
able orderings significantly speedup the GP-CSP in the twid8; 4, and symmetry exploitatiofi0)]. _

blocksworld domains, but slow the search down in the logistics Compilation into different types of canonical problems of-
domain. This result suggests that even in the CSP context, #¢ss different advantages. For example, IP encodings can ex-
generally most powerful variable orderings like DVO or mosPloit the linear programming requatlons, and also provide nat-
constrained variable are not always the best for some spec#ig! support for continuous variables; while CSP encodings
types of problem such as blockworld. Variable and value ofan exploit the rich theory of local consistency enforcement,
dering heuristics more suited to planning problems in differer@nd the fact that most knowledge-based scheduling is based on
classes of domains are thus worth investigafitgj. CSP model$33).

7.3 Random-restart search 9 Conclusion and Future directions
We also tested the strategy of randomly restarting the search
after a limted number of backtracks. Such a strategy has be

found to be quite effective in handling heavy-tail distribution of?
solutions in many planning domains. Table 6 shows the res
of setting the cutoff-limit value of 5000 for a class of logis-

have described a Graphplan variant called GP-CSP that

utomatically converts the Graphplan’s planning graph into a
P encoding, and solves it using standard CSP solvers. We

ave described our experimental studies in comparing GP-CSP

tic problems. The table shows that the speedups from randdfhStandard Graphplan as well as the Blackbox family of plan-

restart search do not change the relative superiority of GP-c&B''S that compile planning graph into a SAT problems. Our
over Blackbox. With the cutoff limit of 5000, GP-CSP is upcomprehenswe empirical studies clearly establish the advan-

to 10x better than both sat solvers in all problems. Howevei29€s of CSP-compilation approaches for planning. GP-CSP is

setting the right cutoff limit for different problems in differ- SUPerior to both standard graphplan and Blackbox (with a vari-

ent domains is very tricky issue that has not received enou@?/ of solvers) in terms of the time-significantly outperforming
ese systems on many problems. More importantly, GP-CSP

attention. ) .
is much less susceptible to the memory blow-up problem that
8 Related Work besets the sytems that compile planning graph into SAT encod-
ings.

Compilation approaches have become quite popular in plan-\while our progress till now has been promising, in a way,
ning in recent years. These approaches convert the boung@sihave just begun to scratch the surface in terms of exploiting

8In particular, as pointed out ifL6], Graphplan’s memos corre- the possibilities Qﬁered bY csp enlcodi.ngs. . .
spond to nogoods of the ford, # A --- A P; # whereP; are all We are exploring two different directions for extending this

propositions from the same level of the planning graph. Such nogoo#éork —exploring more general CSP encodings and improving

correspond to the conjunction of an exponential number of standatde CSP solvers with planning-related enhancements. In terms
nogoods of the forn? = a1 A--- A P; = a;. of the first, we plan to investigate the use of temporal CSP



From: AIPS 2000 Proceedings. Copyright © 2000, AAAI (www.aaai.org). All rights reserved.

(TCSP) representatior$] as the basis for the encodings in[11]
GP-CSP. In a TCSP representation, both actions and proposi-
tions take on time intervals as values. Such encodings not orly]
offer clear-cut advantages in handling planning problems with
metric time[26], but also provide significant further reductions

in the memory requirements of GP-CSP even on problems inrg
volving non-metric timé.

To improve the CSP solvers with planning-specific enhancxﬂ]
ments, we are considering incorporation of automatically gen-
erated state-invariants (c.f.10]) into the CSP encoding, as
well as automatically identifying variables in the encoding:[:15]
that should be marked “hidden” (so the CSP solver can han-
dle them after the visible variables are handled). Most such
additions have been found to be usefulin CPLAN, and it is o6
intent to essentially automatically generate the CPLAN encod-
ings.

Finally, since most Al-based schduling systems use CSP dA7]
codings, GP-CSP provides a promising avenue for attempting
a principled integration of planning and scheduling phases. We
are currently exploring this avenue by integrating GP-CSP with
a CSP-based resource sched{®]. We model the planning [18]
and schduling phases as two loosely coupled CSPs that com-
municate with each other by exchanging failure information in
terms of no-goods. [19]
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