Chapter 6

Parallel Heuristic Search in
Haskell

Michelle Cope,lan Gent andKevin Hammond

Abstract: Parallelheuristicsearchalgorithmsarewidely usedn artificial intelli-
gence. This paperdescribesovel parallel variantsof two standardsequential
searchalgorithms thestandardavis Puthamalgorithm(DP); andthe samealgo-
rithm extendedwith conflict-directedoackjumping(CBJ). Encouragingprelimi-
naryresultsfor the GpH paralleldialectof the non-strictfunctionalprogramming
languageHaslell suggesthatmodestreal speedupanbe achievedfor the most
interestinghardsearchcases.

6.1 INTRODUCTION

Theaim of thiswork is to investigatgparallelimplementation®f heuristicsearch
algorithms. The algorithmsusedare basedon the Davis Putnamalgorithm 7,
6, 12] optionally extendedwith conflict-directedbackjumping(CBJ) [21, 2, 3].
A typical applicationof thesealgorithmsis to solve propositionalsatisfiability
(SAT) problems. SAT is extremelyvaluableto artificial intelligencebecausef
its directrelationshipwith deductie reasoningMany otherproblemsn artificial
intelligencecanbeencodedn SAT, includingdefaultreasoningdiagnosisimage
interpretation[22] and constraintsatishction (CSP)problems. SAT is thusre-
gardedasfundamentato solvingmary artificial intelligenceproblemsandmuch
effort hasbeenspentin developingefficientalgorithmsto solve SAT-relatedprob-
lems(e.g.[29]).

In orderto solve a SAT problem the Davis Putnamalgorithmattemptdo gen-
eratea setof assignmentw® thefreevariableqor literals) of theinput proposition
underwhich that propositionis true. The conflict-directedbackjumping(CBJ)
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algorithmadditionally generategonflict setscomprisingassignment$o subsets
of thoseliterals underwhich the propositionmustbe false Theseconflict sets
areusedto prunethe searchspaceby eliminatingareaswvhereprior information

shavsthattherecanbenosolution. Clearly, bothalgorithmsarepotentiallyhighly

parallelin thatdifferentsetsof assignmentmaybe searchedndependentlyUse

of conflict setsand other techniquesaimed at optimising the sequentialalgo-

rithms, suchasshareddatastructuresmay, however, introduceeitheraccidental
or essentiakequentiadependenciesThis is especiallyso in the caseof CBJ,

becausehe setof assignmentso be searchedn onebranchmay dependon the

conflict setreturnedfrom another In its normalpresentatiorCBJ is thusessen-
tially sequential.

Ratherthanaiming for an optimal sequentiablgorithm,asis usualin the lit-
erature,we ratheraim to find an algorithmthat is amenableo parallelimple-
mentation,evenif it is sequentiallysub-optimal. All the algorithmsdescribed
herewere codedin Haslell [20], which allows rapid prototypingof parallelso-
lutions usingthe GpH (Glasgav parallelHaslell) dialect[25]. Developmentof
parallelalgorithmsis supportedy the HasRar [16] suiteof performancemonitor
ing tools,which incorporateshe GranSimsimulator[15] plusgoodperformance
visualisationtools. Both sequentiahndparallelalgorithmsaredescribedn detail
in Section6.2.

Eachof the algorithmswas run on a numberof artificially generatedSAT
instancesusinga randomgeneratobasedon the fixed-clausalengthmodel[9],
andtakingspecificinstance®f searchproblemsfrom the DIMA CSdatabas¢8],
asdescribedn Section6.3.

6.2 HEURISTIC SEARCH ALGORITHMS FOR SAT

All the algorithmsintroducedhere have a similar structure:they eachassesa
set of clausesto determinethe existenceor absenceof a satisfyingset of lit-
eral assignmentsThe input clausalsetis in conjunctivenormal form (CNF): a
conjunctionof clausesvhereeachclauseis a disjunctionof literals. Assuming
propositionalogic, a clausalsetis satisfiableif atleastoneliteral in every clause
is assignedo true, whereuporthevalueof eachclauseis alsotrue. For example,
(xVy)A(xV z) is satisfiableunderthetwo setsof literal assignment$ x = true }
and{y =true, z =true}.

6.2.1 The Davis-Putnam Algorithm (DP)

Most solutionstrategjiesfor SAT canbe classifiedeitherasstodasticor system-
atic. Stodasticor local seach algorithms,suchasWSAT [24] or GSAT [23],
exploreasearchspacaandomlyby makinglocal alterationgdo aworking assign-
mentwithout memoryof pastassignmenattempts.Thesealgorithmsareincom-
plete they are not guaranteedo find a solutionif one exists, and thus cannot
declarethat an instanceis insolubleif they do not find a solution. Reviews of
stochasti@lgorithmscanbefoundin [11, 10].
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procedureDP ()

(Sat) ifz={}
then return satisfiable

(Empty) if Z containsanemptyclause
then return unsatisfiable

(Tautology) if Z containsatautologouslausegc
thenreturn DPZ - {c})

(Unit propagation) if X containsaunit clause{l}
then return DP(Z simplifiedby assignind to true)

(Literal deletion) if Z containsaliteral | but not—l (the negationof I)
then return DP(Z simplifiedby assignind to true)

(Split) if DP simplifiedby assigninditeral, I, to true) is satisfiable
then return satisfiable
elsereturn DP(Z simplified by assigning-l to true)

FIGURE 6.1. The Davis-Putham-Logemann-Loveland Algorithm, often called
Davis-Putnam

Systematior global seach algorithmstraversethe entire searchspacesys-
tematically checkingall possibletruth assignmentsor a given formula. They
are completegiven sufficient executiontime, they will eitherfind a solution if
oneexists or elsewill reporta failure. The mostpopularsystematicalgorithms
for SAT are variantsof the Davis Putnamalgorithm (DP), e.g. Tableau[5] or
POSIT[10].

Theoriginal Davis Putnamalgorithmusesa variableeliminationor resolution
rule which replaceghe initial problemwith a sub-problenthatis usuallylarger
andwhich, in generalyequiresexponentialspacedo solve[7]. A laterversiondue
to to Davis, LogemanrandLovelandreplaceshe resolutionrule with a splitting
rulethatrefinestheoriginal probleminto two smallersub-problem$6]. Thelatter
algorithmis shavn in Figure6.1. Thetwo versionsareoftenconfused.Thelater
version(the oneusedhere)is oftenreferredto without qualificationasthe Davis
Putnamalgorithm.

6.2.2 Clausal SetData Structure

Theinputclausesrestructuredasalist of pairs,wherethefirst elementepresents
alist of literalsandthe seconds a clausalflag: ([Literal],Cflag) . Eachliteral is
an(Int,LFlag) pair, wherethe integeridentifiesthe literal andthe flag indicates
its value.

type d ausal Set = [ ause]
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type dause = ([Literal], CFlag)

type Literal = (I'nt, LFlag)

A literal may have oneof threeLflag values:true; false— theliteral hasbeen
removedasaresultof unit subsumptior{Section6.2.3);or indetermined-avalue
is yetto beassigned.

The clausalflag indicatesthe stateor valueof the entire clause:subsumed-
atleastoneliteral in the clauseis true andthusthe entireclauseis true; empty—
all literal valuesare falsg indicating that the clausalsetis unsatisfiableunder
somesetof literal assignmentsor unsubsumed the clausalvalueis yet to be
determined.

data LFlag = LTrue | LFalse | Indetermn ned

data CFlag = Unsubsuned | Subsumed | Enpty

The useof flagsmaintainsall relevantinformationin a singledatastructure:
the clausalset An input clausalsethasall clausednitially unsubsumeandthe
valueof all literalsareindetermined.All solutions,both sequentiabndparallel,
manipulatethelist of inputclausesOn searchcompletion gachsolutionreturnsa
triple comprisinganindicationof whethertheinitial clausalsetis satisfiablethe
setof satisfyingliteral assignment# oneexists,andthe numberof nodesvisited
(aperformancemetric). CBJ-basealgorithmswill alsoreturnaconflictset.

type SearchResult = (Bool ean, Qutput_clausal |ist, No_nodes)

6.2.3 Implementations of Davis-Putnam (DP)
SequentialDavis-Putnam(DP-Sequential)

Our implementationof DP-Sequentials basedon the standardDavis Putham
algorithm[6] asshaowvn in Figure 6.1, but excluding the tautologyand purelit-
eral deletionrules, in accordancevith commonpractice. The clausalsetwill
meettherequirementsor preciselyoneof thefollowing rules.

e Empty Clausal Set If all clauseflagsare subsumedhenthe clausalsetis
satisfiable

e Empty Clause If thevalueof ary clauseflag is emptythenthe setis unsatis-
fiable.

e Unit propagation Rule: Any unsubsumedlausewith only oneremaining
literal is indetermineds a unit clause Thesingleliteral, I, in theunit clausds
assignedo true andthe clausalsetis changedhccordinglyusingsubsumption
andresolutionasfollows.

— SubsumptiosetstheCFlagto subsumefdbr all unsubsumedlausesvhich
have | asamember
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— Resolutionidentifiesthoseunsubsumedalauseswvhich have the negation
of | (-l) asa member The value of -l is changedto remwed Any
clausewith all literals effectively removedis denotedasemptyotherwise
its clausalflag remainsunaltered.

Theimplementatiorof unit propagatiomeedonly identify thefirst unit clause
in the list. Owing to the orderin which the rules areimplementedandthe
recursve natureof the algorithmall unit clausesare evaluatedoeforethe use
of thesplitting rule.

e Splitting Rule: In thegenerakasewhenno otherrule appliessearchcontin-
ueshy choosingaliteral, I, accordingo someorderingheuristic. Theheuristic
we have implementedselectsthe first indeterminediteral in the shortestun-
subsumedlause.Thesearctthencontinuesy firstfinding any solutionswith
| setto true andthenfinding thosewith —I setto false After both branches
have completed the clausalsetis then constructedappropriatelyusing sub-
sumptionandresolution.

Parallel Davis Putnam (DP-parallel)

A majorinfluenceon the often large searchtimesin DP-sequentials the useof

left recursionin the splitting rule. The GpH par operator[17] canbe usedto

indicateparallelevaluationof bothleft andright branchesvhenthe splitting rule

is applied. DP-Parallel speculateshat the searchspaceson all right branches
contribute to all solutions. Although, this naive form of speculationdoesnot

preventredundansearch|t doessearchmore of the problemspacein lesstime

thanDP-SequentialThe codefor DP-Sequentiails modifiedby theintroduction

of asinglecallto par in orderto evaluatetheright branchin parallelwith therest

of thesearch.

6.2.4 Conflict-dependentBackjumping (CBJ)
SequentialConflict-dependenBadkjumping (CBJ-Sequential)

The main deficieny of DP-Sequentials that it may explore the searchspace
unnecessarily bothsplit branchesreexploredregardlesof whetheror not they

could producea solution. In contrast,CBJ usesconflict setsasa mechanismnto

identify redundansearchspacegollowing backtracking.Suchsearctspacesre
thenprunedwithout beingsearched.

A conflictsetis a setof literals whosecurrentassignmentalsify the entire
clausalset. We identify a conflict setwhenerer anemptyclauseis derived. The
conflict setis the original setof literalsin the clausethatis now empty Clearly
this clausecannotbe satisfiedunlesswe changethe valueof oneor moreof these
literals. Whenever a new conflict setis generatedthe CBJ algorithmbacktracks
to reconsiderthe deepestiteral, |, in the searchtree. This literal is assigned
theoppositevalueto its currentassignmentSince,however, this new assignment
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mightrenderanotherclauseempty asecondonflict setmaybegenerate@ndthe
algorithmmay thenbacktrackfurther. Whenall possibletruth valueshave been
excludedfor soméliteral,|’, acontradictioris derived. To proceedurther, thetwo
conflict setsthathave beengeneratedby the positive andnegative assignmentto
I” areresoled, effectively creatingthe unionof bothconflictsetsandremoving I’
Thenew conflict setis propagatedip the searchtreeuntil nomorecontradictions
occur

Implementationof CBJ

The implementationof CBJ is similar to that of DP: the order of the rulesare
maintainedout theserulesare modifiedto handleconflict sets. The resultof the
searchincludesthe conflict setthatwasproduced.

type SearchResult = (Bool ean, Qutput_clausal _I|ist,
No_nodes, Conflict_Set)

e Empty Clausal Set Thisis treatedin the sameway asfor DP, exceptthatan
emptyconflict setis alsoreturned.

e Empty Clause The presencef anemptyclauseindicatesthe existenceof a
conflict set. The conflict setis constructedy searchinghe clausallist for a
clausemarkedempty

e Unit Propagation: Unit propagatiorproceedsisin DP-Sequentialinlessthe
literal, u, in the unit clauseis in a conflict set,sayA. In this case,the lit-
eralsof the original clausefrom which the unit clauseis derved musthave
assignmentsvhich excludeary valuefor u. Consequentlytheoriginal clause
constitutesa seconcconflict set,sayB, which is resohedwith A.

e Splitting Rule: Thesplitting rule is implementedsimilarly to DP-Sequential.
Eitheror bothbranchesnayreturnaconflictset. Theconflict setsareresoled
andbacktrackingcontinuesaspreviously described.

CBJ-Sequentiatioesprevent someunnecessargearch. However it suffers
from the samedeficieny as DP-Sequentialwhensplits occurthe left branches
arealwayssearchedequentiallybeforetheright branchesTheright branchata
split is thusnot searchedt all until the left branchreachesa basecase:eithera
conflict setor a solution. Thusif the left branchdetectsa conflict set,it cannot
beresohed until the right branchhascompleted.The Haslell implementatioris
givenbelow.

conflictDi rectedBackjunping :: [C ause] -> SearchResult
conflictDi rectedBackjunping = cbj 1

cbj :: Int -> [Cause] -> SearchResult
cbj n xs

| allSubsuned xs = (True, xs, n, []) -- Enpty
Cl ausal Set
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| emptyd ause xs (Fal se, xs, n, findConflict xs)

| otherwi se cbj’ n xs (unitC ause xs)
cbj’ n xs (Just w) = unitPropagation wn xs -- Unit C ause
cbj’ n xs Nothing = -- Split
let z = selectVariable xs
a@fa, _, na, ca) =cbj (( n+ 1) (sinplify Z XS)
b@fb, _, _, c¢cb) =cbj (na+ 1) (sinmplify (-2z) xs)

if fa then a

else if not $ isLitlnConflict ca z then a
else if fb then b

else if not $ isLitlnConflict cb z then b
el se (False, xs, (nb), resolve ca cb z)

Naive Parallel CBJ (CBJ-Parallel)

The main deficieny of the sequentialCBJ algorithmis the delayin resolving
conflict sets.The parallelCBJalgorithm (CBJ-Rarallel) is designedo avoid this
weaknes®f the sequentialCBJ solution. CBJ-Rarallelimplementsmechanisms
to detectandresole areasof redundansearchmorequickly thanthe sequential
solutions.Stepsarealsotakento reducethecreationof unnecessarthreadsThis
algorithmis a naive parallel versionof sequentialCBJ. Redundansearchstill
occursasno controlis enforcedover the speculation.The conflict-backjumping
techniqueshould, however, identify areasof redundantsearchsoonerthan DP
andconsequentlyve anticipatethat CBJ-RarallelshouldoutperformDP-Farallel.
Thecodefor CBJ-Sequentidk modifiedasshovn below by theintroductionof a
singlecall to par .

cbj’ n xs Nothing = -- Split
b ‘par® -- Parallel R ght Branch
if fa then a
else ...

Speculatie Parallel CBJ (CBJ-Parallel-Spec)

Thetwo parallelalgorithmsdescribedabove (DP-Paralleland CBJ-Rarallel) take
nodeliberatemeasureto eliminateredundansearchneitheralgorithmexertsany
controlovertheamountof speculationthatis introduced.Thereductionof redun-
dantsearchis the centralaim of the algorithmthatis describedn this section,
CBJ-Rurallel-Spec Rapidresolutionof conflict setsandcontrol of speculatioris
achievedby usingawrappemechanisnanda fuel mechanism.
Eachcall to CBJis embeddedvithin a wrapperfunction. The wrapperin-

spectghe stateof a sub-areaf the parentthreads searchspacebeforecreatinga
new child threadthatmaydeeperithesearch Threepossiblestatesmaybefound:
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No. of | No. of || 16 Processors 32 Processors
variables| clauses| (DP) | (CBJ) || (DP) | (CBJ) | (CBJ-Spec)
(nv) (nc)

20 200 || 1.45| 150| 1.48| 151 1.46
20 90| 1.57| 1.60| 1.58| 1.60 1.58
40 200 || 4.70| 4.48| 4.82| 4.66 4,52
40 90| 0.96| 0.96| 0.96| 0.96 0.92
50 200 || 1.92| 2.06| 2.80| 2.22 2.69
50 90| 1.00| 1.00|| 1.00| 1.00 1.00

FIGURE 6.2. Relative speedupgor eachalgorithm on 16 & 32 processors

asolutionto the problem,a conflict set,or a continuatiorfor theremaindeof the
search.In the latter case the parentis at a non-leafnodewhereasn the former
casestheparentis ataleafnode.If acontinuationis found,a child threadis cre-
atedto computethenext levelin thesearchree,otherwisethe stateinformationis
usedto influencethe overall resultof the computatiorandto controlthe progress
of thesearch.

In thetrivial casewhenasolutionis found,thevaluesof all executingthreads
canbeignored. The interestingcaseoccurswhenthe existenceof a conflict set
hasbeendetectedln this case the conflict setis propagatedo the level whereit
canbe usedto resole the conflict, creatinga continuationthreadto explore the
areaof the searchspacdn which the secondconflict setmay exist.

Thethrottlingmechanisnusedchereprovideseachfunctionto bethrottledwith
anextraparameteranintegerrepresentinghethreadsfuel. Eachcall to thefunc-
tion decrementshe fuel. If the functionproducesaresult,thisis returnedto the
caller Otherwisewhenthefuelis decrementetb O, apairis returnedcomprising
anindicationthatthe function call is incompleteplus a suspensiomepresenting
the continuationof thecall (with thefuel resetto its maximumvalue,max Fuel ).
The caller may chooseto eithercontinueevaluationwith this continuation,or to
take someotheractionasrequiredby thealgorithm.

6.3 PERFORMANCE RESULTS

The mainfactoraffectingthe performancef the sequentiahlgorithmsis theuse
of left recursionto force depth-firstsearch. At a split, the right branchis not
exploreduntil the searctspaceon theleft branchhasbeenexplored.If asolution
liesin theright branchbut notin theleft, thentheproductionof thesolutionwill be
delayed.Parallel variantsof CBJ should,in principle, be ableto take advantage
of speculation:for example,a small conflict setmay be found on a right hand
branchbeforea large conflict setis found on theleft branch.The smallsetmight
thenmale theleft handbranchredundant.

Relative speedupesultsfor the parallelalgorithmsare shovn in Figure 6.2.
All the programshave beenrun on the sameatrtificially generatednstancesThe

72



averagetime costis calculatedfor a sampleof 50 SAT instanceswith different

ratiosof variablesto clausesrepresentinglifferentdegreesof difficulty. Relatve

speedups calculatedasthe ratio of the time taken on 1 processofrunningthe

parallelversionof the algorithm)to thattakenon n processorsAll performance
resultswere obtainedusingthe GranSimsimulator including basetimesfor the

sequentialersionsof thealgorithm.Performancevasmeasuredn termsof sim-

ulatedtime steps(“clock ticks”) for a high-lateny distributed parallelmachine
approximatinghe St Andrews Beowulf cluster

6.3.1 Analysis of PerformanceResults

Figure 6.2 shavs an interestingdisparity in performancebetween“easy” and
“hard” instancesof the SAT problem. We seelittle speedupon the easierin-
stancesHardinstance®ccurwheretheratio of clausego variablesarefrom 4 to
5, nearthe phasetransition. We seethe highestspeedup®n theseproblems,up
to 4.8atnv=40and2.8for nv=50.

For all parallelalgorithms relative speedupetweer0.92and4.8is achieved
using 16 processorswith an averagespeedupof 1.5. No significantimprove-
mentin relative speedups evidentwhenthe numberof processorss increased
to 32. While thesefindings seemto concurwith thoseof Gu [13], they are
ratherdisappointingandrequirefurtherinvestigation.Unfortunatelyno compar
ative performanceesultsare availablefor fewer than16 processor®r for lower
lateng architecturesSuchresultsmight indicatewhetherthe poor speedupsire
dueto granularity communicatiorcostor areaconsequencef thealgorithm(for
example,the useof a centraliseddatastructuremay have introducedexcessve
serialisatiorinto thealgorithm).

A comparisorof the absoluteexecutiontimesfor eachof the parallelalgo-
rithms suggestshat CBJ-Rarallel-Speds slightly outperformedy the othertwo
parallelalgorithms,on average Althoughthe differenceis small (1% — 4%), this
finding wasunexpected.A possibleexplanationis the costof thewrappermech-
anismthatwasusedto controlspeculationlt is plausiblethatthis mechanismas
implementedntroducesxcesssynchronisatiomverhead®etweersplit branches
andthattuningwill be necessaryo reducethis overhead Furtherwork is needed
to verify this conclusionandto determinghe bestway to avoid unnecessargyn-
chronisation.

6.4 RELATED WORK

In practice,mostsequentiaSAT algorithmscanbe mappedonto parallelcomp-
utersystemsresultingin parallelSAT algorithmg[12]. It mayevenbepossibleto
achieve supetlinear speedup$f thereare correlationshetweernvariablesettings
thatleadto solutions.Parallelprocessingloesnotaltertheworst-caseompleity
for SAT algorithmsunlessanexponentiahumberof processors available.How-
ever, parallelprocessingloesdelaytheeffect of exponentialgrowth of computing
time, allowing the solutionlarger SAT instance$12].
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The sequentialSAT algorithmsdescribedhere dependstrongly on efficient
accesdo a centraliseddatastructure,and thus the designof the datastructure
is fundamentalto achieving good performanceon a given computerarchitec-
ture. Most early studiesof CSP/SA algorithmswere performedon sequential
machineg12]. Howeverrecentwork hasmovedto parallelprogrammingon mul-
tiprocessorsBohmandSpeclenmeyerhave experimentedvith the parallelisation
of the Davis Putnamalgorithmon a message-passifigansputesystemcompris-
ing 320processorsk-or somesmallk each2k processosolvesaformulaarisingat
depthk of a DP searchree,andcomputatiorceasesipononeprocessofinding a
satisfiableassignmentor its formula[4]. It wasobseredthatthe executiontime
wasusuallylessthan%( whereN wasthetime takenby theserialimplementation.

Other parallelimplementation®f DP exist: for example,Zhang,Bonacina
and Hsiang have implementeda simple masterslave distributed DP procedure
and succeededn exploiting parallelismwithout incurring the overheadof re-
dundantsearch[28]. We are not aware, however, of prior work on the parall-
el implementationof DP with CBJ. In contrast,there do exist other parallel
constraint-satisfction problemalgorithms(e.g.[13]) and Loidl hasalsoimple-
mentedsimplea — 3 searchn GpH[18].

Guetal. suggesthatloosely-couplednultiprocessocomputersffer limited
performancémprovementsor solving SAT. Communicatioroverheadbetween
processorbecomes bottleneckasprocessorspeedip. Theirempiricalresearch
indicatesthat tightly-coupledparallelcomputing,which effectively reduceoff-
processoicommunicationdelays,is the key to the parallel processingof SAT
formulae[12]. This work appeargo be borneout by our centralperformance
resultscitedin Section6.3.

6.5 SUMMARY AND CONCLUSIONS

Thispaperaspresented parallelimplementatiorof the Davis Putnamalgorithm
(DP)for solving propositionakatisfiability(SAT) problemsafundamentaprob-
lemin artificial intelligence.To our knowledgethis is thefirst parallelalgorithm
that implementsconflict-directedbackjumping(CBJ) for DP. Overall, for the

architecturethat was simulated(a very high lateng distributed machine),the

parallel algorithmsoutperformthe sequentialalgorithmson hard instancesby

a factor of 4-5 on either 16 or 32 processorshut perform no betterthan the

sequentiablgorithmson easyinstances.Furtherwork is requiredto determine
whethertheseresultsreflectlimitations of the algorithm,of the architecturepr of

theimplementation.

While not spectacularwe are encouragedy theseearly results;the prob-
lem haswide applicationandis severely performance-limited.Achieving good
parallelspeedupvould thushave importantpracticalramificationsfor the useof
artificial intelligencetechniqueshasedon SAT or CSP We are presentlywork-
ing on enhancingCBJwith discrepang-basedsearchusinga continuationpass-
ing approach.We believe suchan algorithmhasthe potentialto yield improved
parallelismoverthe approachdescribedhere.

74



REFERENCES

[1] R.J.Bayardo,andD.P. Miranker, “A Compleity Analysisof Space-Boundetearn-
ing Algorithms for the ConstraintSatisfiction Problem”. Proc. 13th National Con-
ferenceon Atrtificial Intelligence(AAAI-96) pp.558-562,1996.

[2] R.J.BayardoJr. andR.C. Schrag.Using CSPlook-backtechniquego solve excep-
tionally hardSAT instances.In Principlesand Practice of Constaint Programming
— CP96 pp. 46—-60.SpringefVerlag,1996.

[3] R.J.BayardoJr. andR.C. Schrag. Using CSPlook-backtechniquego solve real-
world SAT instancesln Proceeding®f the FourteentiNational Confeenceon Arti-
ficial Intelligence pp.203-208 Menlo Park, CA, 1997.AAAl Press.

[4] M. Bohm and E. Speclenmger, “A fast parallel SAT-solver — efficient workload
balancing”.Proc. 3rd. International Symposiunon Al and Mathematics1994.

[5] J.M. Crawford, J.M andL.D. Auton, “ExperimentalResultson the Crosseer Point
in Random3SAT”, Artifical Intelligence81(1-2)31-57,1996.

[6] M. Davis, G. LogemannandD. Loveland,“A MachineProgramfor TheoremProv-
ing”, CommACM 5:394-397,1962.

[7] M. Davis andH. Putnam.A computingprocedureor quantificationtheory J. Asso-
ciation for ComputingMachinery, 7:201-2151960.

[8] DIMACS ChallengeCommittee.“The secondDIMACS International Algorithm
ImplementatiorChallenge Generalnformation”.

[9] J. Francoand M. Paull, “Probabilistic analysisof the Davis Putnamprocedurefor
solvingthesatisfiabilityproblem”. Discrete AppliedMath. 5, pp. 77-87,1983.

[10] J.W. Freeman]mprovementgo PropositionalSatisfiabilitySeach Algorithms PhD
dissertationPept.of ComputeandinformationSciencelniversityof Pennsylania,
1995.

[11] I.P. GentandT. Walsh,“The searchor Satishction”, InternalReport,Dept.of Com-
puterScienceUniversity of Strathclyde 1999.

[12] Gu,J.,PurdonPW., FrancoJ.andWah,B.W. “Algorithmsfor thesatisfiabilityprob-
lem: asuney”. DIMACs Seriesin Discrete Mathematicsand Theoetical Computer
ScienceAmericanMathematicalSociety pp.19-152,1997.

[13] J. Gu and W. Wang, “A Novel DiscreteRelaxationArchitecture”. IEEE Trans.on
Pattern Analysisand Machine Intelligence 14(8) 857—865,1992.

[14] K. Hammond, C.V. Hall, H.-W. Loidl, and PW. Trinder, “Parallel Cost Centre
Profiling”, Proc. 1997 GlasgowWbrkshopon Functional Programming Ullapool,
Scotland Sept.1997.

[15] K. Hammond,H.-W. Loidl and A.S. Partridge,“VisualisingGranularityin Parallel
ProgramsA GraphicalWinnowing Systemfor Haslell”. Proc. HPFC'95— Conf on
High PerformanceFunctional Computing pp. 208-221,Derver, CO, April 10-12,
1995.

[16] K. Hammond,D.J. King, H.-W. Loidl andPW. Trinder, “The HasRar Performance
EvaluationSuitefor GpH: a Parallel Non-StrictFunctionalLanguage” Submittedto
Softwae — Practice& Experience2000.

75



[17] K. HammondandG. Michaelson(Eds.),Reseath Directionsin Parallel Functional
Programming SpringerVerlag,1999.

[18] H.-W. Loidl, Granularity in Large-ScaleParallel Functional Programming PhD
Thesis,Dept.of Comp.Sci., University of Glasgav, March,1998.

[19] D. Mitchell, B. Selmen,andH. LevesqueH. “Hard and EasyDistributions of SAT
problems” Proc. TenthNationalConfeenceon Artificial Intelligence(AAAI-92) San
JoseCA, July1992,pp.459—-465.

[20] J.C.PetersonK. Hammondeds.) L. AugustssonB. Boutel,F.W. Burton,J.H.Fasel,
A.D. Gordon,R.J.M.HughesP. Hudak, T. JohnssonM.P. JonesS.L. Pg/ton Jones,
A. Reid,andP.L. Wadler Reporton the Non-StrictFunctional Languaye, Haslell,
\ersion1.4, 1997.

[21] P. ProsserHybrid algorithmsfor the constraintsatisfictionproblem.Computational
Intelligence 9:268—2991993.

[22] R. Reiterand A. Mackworth,“A Logical Framevork for DepictionandImagelnter-
pretation”,Artificial Intelligence 42(2), pp.125-155,1989.

[23] B. Selman,D. Mitchell andH. Levesque,’A new methodfor Solving Hard Satisfi-
ability Problems”,Proc. 10th. National Conf on Artificial Intelligence pp 440-446,
1992.

[24] B. SelmanH. Kautz,andB. Cohen.NoiseStratejiesfor Improving Local Searchlin
Proceeding®f the 12th National Confeenceon Al, pp. 337-343 AmericanAssoci-
ationfor Artificial Intelligence,1994.

[25] PW. Trinder, K. Hammond,J.S.MattsonJr., A.S. Partridge,andS.L. Peyton Jones,
“GUM: A PortableParalleliImplementatiorof Haslell”. Proc.PLDI '96 — Program-
mingLanguae DesignandImplementatiopPhiladelphiaPA, May 1996,pp.78—88.

[26] PW. Trinder, K. HammondH.-W. Loidl, andS.L. Peyton Jones; Algorithm + Strat-
egy = Parallelism”,Journal of FunctionalProgramming 8(1), January1998.

[27] H. Zhang,"SATO: an Efficient PropositionaProver”, CADE 1997 SpringerLNCS
1249,pp.272-2751997.

[28] H. Zhang,M.P. BonacinaandJ. Hsiang,"PSATO: a distributed PropositionaProver
andlts Applicationto QuasigrougProblems” J. SymbolicComputation21, pp.543—
560,1996.

[29] H. ZhangandM.E. Stickel, “Implementingthe Davis-PutnamAlgorithm by Tries”,
Journal of AutomatedReasoning24, pp.277-296,2000.

76



Contents

6 Parallel Heuristic Search in Haskell 65
Michelle Cope lan Gent,Kevin Hammond

6.1 Introduction. . . .. .. .. ... . ... .. 65

6.2 HeuristicSearchAlgorithmsforSAT . . . . .. ... ....... 66

6.2.1 TheDavis-PutnamAlgorithm(DP) . .. ... ... ... 66

6.2.2 ClausalSetDataStructure . . . . . . .. ... ...... 67

6.2.3 Implementation®f Davis-Putnam(DP) . . . . ... ... 68

6.2.4 Conflict-dependerBackjumping(CBJ) . . . . ... ... 69

6.3 Performancdesults . . . ... ... ... ... L 72

6.3.1 Analysisof PerformancdResults. . . . ... ....... 73

6.4 RelatedWork . . . . .. . ... . ... 73

6.5 SummaryandConclusions. . . . .. ... ... ......... 74

References 75

77



