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Abstract

Systematicsearchand local searchparadigmsfor
combinatorialproblemsare generallybelieved to
have complementarystrengths. Neverthelessat-
temptsto combinethe power of thetwo paradigms
have had limited successdue in partto the ex-
pensve information communicationoverheadin-
volved. We proposea hybrid stratgy basedon
sharedmemory ideally suitedfor multi-core pro-
cessorarchitectures.This methodenablescontin-
uous information exchangebetweentwo solvers
without slowing down eitherof thetwo. Sucha hy-
brid searchstratey is surprisinglyeffective, lead-
ing to substantiallybetterquality solutionsto mary
challengingMaximum Satis ability (MaxSAT) in-
stanceshanwhatthe currentbestexactor heuristic
methodsgyield, andit oftenachiezesthiswithin sec-
onds. This hybrid approachis naturallybestsuited
to MaxSAT instancedor which proving unsatis -
ability is alreadyhard; otherwisethe methodfalls
backto purelocal search.

1 Intr oduction

Boolean Satis ability (SAT) solvers have seentremendous
progressin recentyears. Several of the currentbestopen
sourceSAT solvers scaleup to instanceswith over a mil-
lion variablesand several million clauses. Theseadwances
have led to anever growing rangeof applicationssuchasin
hardware and software veri cation, andplanning(cf. Hand-
bookof SAT [Biereetal., 2009). In fact,thetechnologyhas
maturedfrom beinga largely academicende#or to an area
of researctwith strongacademi@ndindustrialparticipation.
The currentbest SAT solvers for handling “structured” in-
stancesare basedon Davis-Putnam-Logemann-Melandor
DPLL [Davis and Putnam,1960; Davis et al., 1967 style
completesystematicearch.Thecompetingsearctparadigm
for SAT solving is basedon local search(cf. [Hoos and
Stiitzle, 2004), which performswell in certainproblemdo-
mainsbut, in generaljs not aseffective on highly structured
problemdomains.

Determiningwhethera Booleanformula is satis able or
notis aspecialcaseof the maximumsatis ability (MaxSAT)
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problem,wherethe goalis to nd anassignmenthat satis-
es asmary clausesor constraintsaspossible.Eventhough
MaxSAT is a naturalgeneralizatiorof SAT, andthusclosely
related,progresshasbeenmuchslower on ef cient solution
stratgiesfor the MaxSAT problem.Thereis agoodexplana-
tion asto why this is the case.Two key componentdehind
therapidprogressor DPLL basedSAT solversare: highly ef-
fective unit propagtion, andclauselearning. (Otherfactors
include randomizationand restart stratgjies, and effective
datastructures.Bothtechniquesn asensdocusonavoiding
localinconsistenciesvhenaunit clauseoccursin aformula,
oneshouldimmediatelyassigratruth valueto thevariableso
thatit satis esthe clauseandwhena branchreaches con-
tradiction, a no-goodclausecan be derived which captures
the causeof thelocalinconsisteng.

In a MaxSAT setting,thesestratgjies, at leastin the con-
text of branch-and-bountechniquescanbe quite counter
productize andin factleadto incorrectresults.For example,
for anunsatis ableinstancetheoptimalassignment,e.,one
satisfyingthe mostclausesmay bethe onethatviolatesser-
eral unit clauses.Also, whena contradictionis reachedthe
bestsolutionmay beto violate one of the clauseghatled to
the contradictionratherthan addinga no-goodwhich effec-
tively steerghe searchaway from the contradiction.Hence,
neitherunit propagtion nor clauselearningappeardirectly
suitablefor a MaxSAT solver. Unfortunately taking such
mechanismsutof theDPLL searclstratgy dramaticallyre-
ducegheeffectivenesof thesearchThisis con rmedwhen
oneconsiderghe performanceof exact solversfor MaxSAT
that,in effect, employ a branch-and-boundearchbut do not
have unit propagtion or clausedearningincorporated.Al-
thoughprogresshasbeenmadein the areaof exact MaxSAT
solvers,theinstanceshatcanbesolvedin practicearegener
ally muchsmallerthaninstanceshatcanbe handledoy SAT
solvers. Justasan example,a boundedmodel checkingin-
stanceconsideredn our experiments cmu-bmc-barrel6.cnf,
is solved by the state-of-the-arexact MaxSAT solverssuch
asmaxsatz [Li etal., 20074 andmsuf [Marques-Silaand
Manguinho,200d in 20-30minuteswhile within only acou-
ple of secondy anexactSAT solverlikeMiniSat [Eénand
Sorensson2004.

A morenatural t for the MaxSAT problemis to uselo-

cal search. Suchmethodsare incompletebut they can nd
approximatesolutionsfor large probleminstances.The ad-



vantageof a local searchstrat@y is thatit in a senseop-
eratesin a more global manney generallyusingthe current
numberof unsatis ed clausesas a gradientto guide a fur-
therdescent.In this procesdocal searchdoesnt hesitateto
violate unit clausesf that appearsbene cial. Someof the
earliestlocal searchresultsfor MaxSAT were basedon the
Walksat procedure[Selmanet al., 1994. From the per
spectve of local search the basicSAT and MaxSAT strate-
gies are quite similar. Researcherfiave recently shoved
that more sophisticatedocal searchstratgies can signi -

cantly improve upon the Walksat performance. For ex-
ample,two state-of-the-artocal searchsolvers, which also
work very well for MaxSAT, aresaps [Hutteret al., 2002;
TompkinsandHoos, 2003 andadaptg2wsat+p [Li etal.,
20074.

The performanceof the recentlocal searchmethodson
large hard probleminstancequnsatis ableinstancesat the
edgeof feasibility for currentSAT solvers)appearsmpres-
sive. For example,on the industrialinstancebabic-dspam-
vc973.cnffrom the SAT Race-2004Sinz (Organizer),2004,
a typical unsatis able benchmarkinstancewith 900,000+
clausesWalksat can nd anassignmenthatleavesaround
35,000clausesunsatis edbut saps andadaptg2wsat can

nd solutionswith around 1,500 clausesunsatis ed (see
Table 1). A systematicSAT solver, MiniSat [Eén and
Sorensson2004, canprove the instanceto be unsatis able
in around3 hours. The questionremains,how close the
obtainedMaxSAT solutionis to the optimal solution? The
fact that different local searchMaxSAT methodscorverge
to roughly the samenumberof unsatis edclausesand run-

ning them for mary more hours doesnot further improve

the solutionmay lead oneto conjecturethat 1,000might be
closeto optimal. However, onereasonto be lesscon dent

of the quality of the solution is that local searchmethods
have beenshawvn to have troubledealingwith long chainsof

dependencie structuredprobleminstancesgven though
specialencodingsand the addition of inferred clausescan
helpalleviatesomeof theseproblemgle.g.,[Prestwich2007;
HirschandKojevnikov, 2005).

Theissueof problemstructure,on which DPLL methods
excel but which challengedocal searchstyle methods)eads
us naturallyto the two main questionsaddressedh this pa-
per: (1) How good are the current bestsolutionson struc-
turedproblems?(2) Canstate-of-the-arSAT solves helpon
the MaxSA problem? As we will demonstratethe current
bestsolutionson structuredproblemsare often surprisingly
far from optimal. We shaw this by nding solutionswith a
singleunsatis edclause(andthereforeoptimal) for unsatis-

able probleminstanceswherethe bestpreviously known
solutionshad hundredsor thousandof unsatis ed clauses.
For example,the optimalsolutionfor theinstancementioned
above doesnot have aroundl,000unsatis edclausesout ac-
tually just one (out of 900,000+clausegotal). We demon-
stratethis usinga new solver thatcameforth out of our study
of the secondquestion—carwe useDPLL to boosta local
searchsolver? We introducea hybrid solution strategy,
whereinformationfrom aDPLL SAT solver providescontin-
uedguidanceor alocal searchstyle MaxSAT solver. We use
MiniSat asour DPLL solverandWwalksat asour MaxSAT

solver. Our hybrid solveris calledMiniw alk. Theintegration
of thesolversis surprisinglyclean requiringonly afew lines
of code.

Theincrementalsystematisearchapproachehindback-
track search(asin MiniSat ) andthe stochastidocal search
approachlasin Walksat ) representhe two main combina-
torial searchparadigms.It appearsiaturalto integratethese
approacheso leverageeachothers strengths.In fact, there
have beenvariousattemptsat suchintegration,for example,
usinglocal searchto nd goodbranchingvariablesfor DPLL
or to identify minimal unsatis ablesubsetge.g.,[Mazureet
al., 1998;Grégoireetal., 2007d). However, theseattempts,
especiallythosetargetedat traditional SAT solving, have not
beenas effective as onewould have hoped. One particular
issuethat hampersintegration of solversin generalis that
time spentin thelesseffective solveris oftenmorecostlythan
the time saved by the fastersolver when usingthe informa-
tion obtainedwith the slower one.More concretelyalthough
Walksat may be ableto provide betterbranchinginforma-
tion leadingto a smallerDPLL tree,the time saved through
thereductionin treesizeis oftenlessthanthe time spenton
running Walksat . Hence,the issueof how muchtime to
spendin eachsolver becomes carefulbalancingact, andis
often probleminstancedependent.

Fortunately the computeparadigmbasedon multi-core
processorsliminatesmuchof thesedif culties. In particular
in our hybrid solver, we run both MiniSat andwalksat at
full speedn parallelontwo differentcoresof astandardiual-
coreprocessar During the run, MiniSat ~ writes its current
branchinginformationinto a sharedmemory More specif-
ically, this memorycontainsthe valuesof all variablesthat
aresetin the currentbranchof the DPLL search. Running
ontheotherprocessaqrbefore ipping thevalueof avariable,
Walksat “peeks”atthe sharednemoryandonly makesthe
ip if the variableis not seton the DPLL branchor if the
ip will setthe variableon the branchto its currentvalue.
(Stateddifferently Walksat doesnot ip ary variableto a
settingcon icting with thatof the currentDPLL branch.)In
this setting,informationfrom DPLL continuouslysteersthe
Walksat searchstratgy. And, aswe will see,the DPLL
searchrequentlysteersvalksat to extremelypromisingre-
gionsof the searchspacewherenearsatisfyingassignments
exist. Moreover, without the guidanceWalksat or otherlo-
cal searchmethodsdo not appearto reachsuch promising
areasof the searchspace. We will discussthe searchbe-
havior of our hybrid stratgy in moredetail in the text. We
will seethatour hybrid searctprogressesm amannemotob-
senedin ary non-tybrid searclstratgy. We again stresghat
thedual-coremechanisnis a key factorbehindthesuccessf
ourapproachbecausé eliminatesheneedfor intricatetime
allocationsfor thetwo typesof search.

In summary our results shav that DPLL can provide
highly effective guidancefor a local searchstyle solver for
the MaxSAT problem, leadingto the optimal solution on
mary structurednstancesFromthe SAT Race-200&ench-
mark set,we nd a provably optimal solution (one unsatis-

ed clause)on 37 of the 52 unsatis ableinstances, while

1We have recentlybeenableto furtherimprove uponthis using



the currentbestalternatve approachesuggestundredsf

not thousandspf unsatis edclausesn the bestsolutionsto

thesevery instancesThis work thereforeprovidesa stepto-

wardsclosingthe performancegap betweerSAT solversand
MaxSAT solvers. Theresultsalsodemonstrat¢hatthereis a
realpotentialin usingmulti-coreprocessor combinatorial
searchwheresharedmemoryis usedto provide a low-cost
communicatiorchannebetweerthe processes.

We note that the focus of our hybrid approachis natu-
rally on instanceghatarenon-trivial for both DPLL andlo-
cal searchsolvers. Most of the MaxSAT benchmarksur
rently available,suchastheonesusedin MaxSAT Evaluation
2007[Argelichet al., 2007, aretargetedtowardsthe scala-
bility region of exact MaxSAT solvers,andarethustoo easy
for DPLL-basedSAT solverssuchasMinisat . On suchin-
stancesthe DPLL partof our hybrid solver, Miniwalk , of-
ten terminateswithin a second providing little guidanceto
the local searchpart. The hybrid methodthereforeessen-
tially fallsbackto purelocal searchperformingnobetter(but
alsonoworse)thanalternatve approachesnthesenstances.
To illustrate the strengthand promiseof our approachwe
performan evaluationon all unsatis ableinstanceausedin
SAT Race-2008which arechallengingnot only asMaxSAT
instancedbut also as satis ability instances. We hope our
positive resultswill encouragahe developmentof MaxSAT
benchmarkshatarenon-trivial to prove unsatis able.

We alsonotethatgiventhe performancef otherMaxSAT
solversonthe SAT Race-2008nstancesit is quitesurprising
thatall but oneof theseinstancesave only a singleunsatis-
ed clausein the optimal MaxSAT solution. This clausecan
bethoughtof asa“bottleneckconstraint™for theinstanceln
fact, by runningour solver multiple timeswith differentran-
dom seedswe canidentify several differentbottleneckcon-
straints relaxingary oneof whichwill turntheinstancanto
asatis ableone.In this sensepottleneckconstraintgprovide
a form of explanationof unsatis ability, complementinghe
informationprovidedby otherconceptdeingexploredin the
literaturesuchasminimalunsatis ablecoresminimal setsof
unsatis abletuples,etc. (cf. [Marques-SilaandManguinho,
2008;Grégoireet al., 2007a;20074). Thekind of informa-
tion provided by the singleviolated constraintolviously de-
pendson the problemencoding.In the standardAl planning
encodingdasedon the Satplan/Blackboframewvork [Kautz
andSelman 1994, wefoundthat,contraryto whatonemight
expect,thebottleneckconstrainis oftennotsimply the“goal
predicate’thatis beingviolated. It is, in fact, morecommon
to nd clauseencodingconstraintsn theintermediatesteps
of the plan. The semanticmeaningof the violation of the
constrainis tightly tied to theproblemdomainandits encod-
ing. Oftenhow onemayphysically“ x” theissuehighlighted
by the violatedbottleneckconstraintis not obvious. Design-
ing specialencodingswvhereviolated constraintdo indicate
waysto x theunderlyingissueis aninterestingdirectionfor
futureresearch.

The restof the paperis organizedasfollows. After dis-

a“relaxed DPLL" approachwhich shavsthatin factasmary as51
out of the 52 unsatis ableSAT Race-2008nstancesave only one
unsatis edclausein the optimalsolution[Kroc etal., 2009.

cussingsomebasicconceptswe presentour hybrid solver,
Miniwalk , in moredetailin Section3. In Sectiord, we eval-
uatethe performancef Miniwalk andcompardt with other
state-of-the-arMaxSAT solvers. In Section5, we shav how
thesearchperformedoy Miniwalk differsqualitatively from
thatof othersearchmethods Finally, we provide concluding
remarksin Section6.

2 Preliminaries

Let V be a setof propositional(Boolean)variables,which
take valuein the setf 0;1g. We think of 1 asTrueandO as
False. Let F be a propositionalformulaoverV. A solution
to F (alsoreferredto asa satisfyingassignmenfor F) is a
0-1 assignmento all variablesin V suchthatF evaluatesto
1. PropositionalSatis ability or SAT is thedecisionproblem
of determiningwvhetheraninputformulaF hasary solutions.
This is the canonicalNP-completgroblem. In practice,one
is alsointerestedn nding asolution,if thereexistsone.

Instancesof the SAT problem are often speci ed in the
Conjunctve Normal Form (CNF). HereF is givenasa con-
junction of clauses eachclauseis a disjunctionof literals,
andeachliteral is eithera variableor its negation. For exam-
ple,F = (a_: b)" (: a_c)isaCNFformula.

Whena CNF formula F is unsatis able,i.e., thereis no
truth assignmento the variablesin V for which all clauses
of F aresatis ed, oneis ofteninterestedn solvingthe prob-
lem asmuchas possible. Formally, MaximumSatis ability
or MaxSAT is theoptimizationproblemof nding atruthas-
signmenthatsatis esasmary clausef aninputformulaF
aspossible.We will referto suchtruth assignmentssopti-
mal MaxSA solutions Onenaturalquantityof interestwhen
performinga searchfor an optimal MaxSAT solutionis the
numberof unsatis ed clausesfound at the end of a search
procedureAs we will seein Sectiond4, the optimal MaxSAT
solutionsfor mary interestingindustrial probleminstances
happerto have only oneunsatis edclause andthe proposed
hybrid methodis oftenableto nd suchsolutionsvery ef -
ciently.

Mostof thesuccessfusearchmethoddor SAT canbeclas-
si ed into two categories: systematiccompletesearchand
heuristiclocal search.For SAT, systematiccompletesearch
takesthe form of the Davis-Putnam-Logemann-helandor
DPLL procedure[Davis and Putnam,1960; Davis et al.,
1964. Theideais to do a standardbranch-and-backtrack
searchin the spaceof all partial truth assignmentsHeuris-
tics areusedto setvariablesto promisingvaluesuntil either
a solutionis found or a contradictionis reachedjn the latter
casethesolverbacktracks,ips thevalueof avariablehigher
upin thesearchree,andsystematicallycontinueghesearch
for a solution—nav in a previously unexplored part of the
searchspace.Modern SAT solversbasedon DPLL employ
additionaltechniquesuchasclausdearning,restartshighly
efcient datastructures,etc. While the systematicsolver,
Minisat , thatforms one half of our hybrid approachdoes
implementtheseadvancedtechniquesthe details of these
techniquesare not crucial for understandinghe restof this
paper

Local searchSAT solvers,alsoreferredto asstochastido-



cal searchor SLS solvers,work with completetruth assign-
mentswhich, of course violate somenumberof clausede-
fore a solutionis found. The ideahereis to do local modi -
cationsto the currentcompletetruth assignmentguidedes-
sentiallyby the currentlyunsatis edclausesThelocal mod-
i cations often take the form of heuristically selectingone
variableto ip, basedoften on how mary of the currently
unsatis ed clauseswill becomesatis ed and how mary of
the currently satis ed clauseswill becomeunsatis ed. Re-
ned local searchsolversemplg/ techniquesuchasselect-
ing variablesmostly only from currentlyunsatis edclauses,
clausere-weightingandstochasticoiseto escapdocal min-
ima, adaptvely adjustingthe noiselevel, etc.

3 UsingDPLL to Guide Local Search

Our hybrid MaxSAT solver, Miniwalk , hastwo partsthat
are very independentxceptfor sharinga small amountof
memoryfor informationexchange:a DPLL solver anda lo-
cal searchsolver. The mainideais the following: MiniSat
informsthe local seach which part of the seach spaceit is
currently seaching in, and Walksat looselyrestains itself
to the samepart of the seach spaceby not ipping a literal
againstMiniSat

BothDPLL andlocalsearchareperformedsimultaneously
so thereare literally two processegsolvers) running at the
sametime. This doesnot slow down the performanceof ei-
ther, giventhemulti-corearchitecturehatis becomingastan-
dardin the computerindustryandthe very low communica-
tion overheadinvolved. The detailswill follow shortly, but
let usremarkalreadythatary DPLL heuristicandary local
searchheuristiccanbeinstrumentedo createa hybrid solver
in this fashion,andthe actualimplementatiorrequiresonly a
few additionallinesof code.

A DPLL solver proceeddy successiely selectingvari-
ablesandtheir polarities(truth values), xing thosevariables
accordingly andsimplifying theinstance A lot of effort has
beeninvestedin designingheuristicsthat guide the search
into partsof the searchspacewhere solutionsare likely to
be found. A good DPLL heuristic often guidesthe search
in the directionwhereasmary clausesaspossiblearesatis-
ed. We usethis searchbiaseven on formulasthat are not
satis able, assuminghat good nearsolutionswill lie in the
regionsthatlook attractive to a DPLL heuristic. The infor-
mation aboutthe region of the searchspacethat the DPLL
solveris currentlyexploring is communicatedisinga shaed
memoryarray. In this array sharedoetweenthe two solver
processegachvariableof theprobleminstancehaseitherthe
value“unassigned’or thepolarity (O or 1) thatis currentlyas-
signedto it by theDPLL search.Theonly changeo thecode
of the DPLL solwer is thusa line thatwrites the correctpo-
larity every time a variableis x ed(branchedn or set,e.g.,
by unit propagtion). The variablevaluein the sharedarray
is revertedbackto “unassigned’uponbacktracking’

Onthelocal searchside,themodi cation is alsoonly very
slight. Thestandardocal searchprocedurénastwo stepghat
keeprepeating:pick a variableto ip, and ip theselected

2Thereare a few lines of initial codefor declaringthe shared
memoryarray;seeAppendixfor completeness.

variable. The only modi cation we make is in the second
step: we ip the truth value of a variableonly if the new

valuedoesnotviolatethesettingthe DPLL searcthasfor that
variablein thesharedarray In otherwords,we ip avariable
from, say TRUE to FALSE only if it is eitherunassignedy

the DPLL searcthor is assignedaL Se. Otherwisewe simply
donothingandwalksat selectsadifferentvariableto ip in

thenext step. This is depictedformally asAlgorithm 1. The
two stepamarkedwith “***” areliterally theonly changethat
needgo be madeto purewalksat .

Algorithm 1: Hybrid-Walksatpartof Miniwalk
begin
*** |nitialize sharednemoryarrayM
s arandomlygeneratedruth assignmentor F
for j  1toMAX-FLIPSdO
if s satis esF then return s
Selectavariablev usinga heuristic
*** if M[v] 6 valugV) then
| Flip thevalueofvin s

end

Thisway, theinformation o wsonly in onedirection:from
DPLL to the local search. The local searchis responsible
for reportingthe best-so-&rachievedassignmentwhichis in
turn usedasanestimatedolutionto the MaxSAT instancelf
theDPLL searchnishesveryquickly (i.e.,easilydetermines
unsatis ability within a few seconds)thenthe local search
hasno time to take advantageof the guidanceprovided by
the sharedarray and the hybrid methoddoesnot improve
upon plain local search. If, on the otherhand,we have a
sufciently hardinstanceathand,we foundthatthis stratey
is remarkablysuccessfuat nding very goodsolutions.

Thereis, of course the questionof which DPLL andlocal
searchsolversto select. The Minisat andWwalksat com-
binationturnedout to performthe best. We alsoconsidered
Rsat DPLL solver, which addsthe concepiof “restartmem-
ory” to the search.While successfufor SAT, we found that
Rsat did not performaswell asMinisat for our purposes,
perhapsbecausehe memory constrainedhe searchto too
local a region and also becauseRsat generallyterminates
quicker thanMinisat , providing lessguidanceto Walksat .
On the local searchside, we tried using more powerful al-
gorithms, namely adaptg2wsat+p ~ and saps, which per
formedbeston our problemsuiteasstand-alondocal search
solvers(seeSectiond). But we foundthatneitherperformed
aswell aswalksat whencoupledwith a DPLL solver, pre-
sumablybecauseheir decisions/ ips were much more fo-
cusedthanwalksat 's, andit was harderfor the solversto
follow the DPLL guidance.

4 Experimental Results

We conductedexperimentson all 52 unsatis ableformulas
from the SAT Race-2008uite[Sinz (Organizer),2004. The
reasorfor choosingtheseinstancesatherthanthe Max-SAT
Evaluation2007[Argelich et al., 2007 instancess thatthe
latter are all too easyfor MiniSat , thuslimiting the DPLL



Tablel: Comparisorof MAXSAT resultsfor exact,local searchandhybrid methods Timelimit: 1 hour If asureoptimumwas
achieved (i.e., 1 unsatis edclause)thetimeis reportedn parenthesisNote: the superscript (2)” for babic-dspam-vc973.cnf
denotesthat this instancegetsdown to 267 unsatis ed clausesusing Miniwalk in the 1 hour time limit, andis solved to
optimality within threehours.

ExactMethods Local SearchMethods Hybrid
#unsat best#unsat best#unsat
Instance #vars #clauses|| maxsatz Adapt- SAPS  Walksat MiniWalk
or msuf g2wsat+p

anhul-dated-5-15-u 152K 687K — 12 22 266 1(15m)
een-pico-prop05-75 77K 248K — 2 47 325 1(4s)
fuhs-apree-15 21K 74K — 35 31 430 1(0s)
fuhs-apree-16 52K 182K — 437 246 1993 1(1s)
ibm-2002-25+k10 61K 302K — 111 95 1122 1(9s)
ibm-2002-311r3-k30 44K 194K — 78 101 182 1(2s)
ibm-2004-29-k25 17K 78K — 14 12 170 1(6m)
manol-pipe-c10nid 253K 751K — 678 695 5211 1(20m)
manol-pipe-c10nidw 434K 1292K — 1013 1363 22554 1(16s)
manol-pipe-c6bidwi 96K 284K — 239 274 924 1(24s)
manol-pipe-c8nidw 269K 800K — 697 742 13463 1(7s)
manol-pipe-c9n 35K 104K — 214 66 184 1(3s)
manol-pipe-g10bid 266K 792K — 723 822 7622 1(103s)
post-cbmc-aes-d-r2 278K 1608K — 834 734 5234 1(69s)
post-cbhmc-aes-ee-r2 268K 1576K — 839 760 5160 1(37s)
post-cbmc-aes-ee-r3 501K 2928K — 1817 1822 10776 1(37m)
schup-I2s-abp4-1-k31 15K 48K — 7 16 155 1(0s)
schup-12s-bc56s-1-k391 561K 1779K — 5153 26312 12882 1(168s)
velev-vliw-uns-4.0-9-i1 96K 1814K — 12 10 7 1(23s)
velev-vliw-uns-4.0-9 154K 3231K — 2 3 3 1(10s)
babic-dspam-vc1080 118K 375K — 728 306 11857 20
babic-dspam-vc973 274K 908K — 2112 1412 32783 12
ibm-2002-22+k60 209K 851K — 198 409 2204 10
ibm-2002-24r3-k100 148K 550K — 205 221 1294 2
manol-pipe-f7nidw 310K 923K — 810 797 15431 7
manol-pipe-fob 183K 547K — 756 600 9827 177
manol-pipe-g10nid 218K 646K — 585 727 6047 27
manol-pipe-g8nidw 121K 358K — 356 336 1151 7
simon-s03- fo8-400 260K 708K — 89 289 5939 13
goldb-heqgc-dalumul 9426 60K — 11 10 1(48m) 1(0s)
goldb-heqc-fgimul 3230 21K — 1(0s) 1(0s) 1(0s) 1(0s)
goldb-heqgc-x1mul 8760 56K — 1(0s) 1(0s) 1(0s) 1(0s)
post-c32s-ss-8 54K 148K — 1(2s) 1(8s) 1(4s) 1(0s)
simon-s02-f2clk-50 35K 101K — 1(110s) 32 652 1(12s)
velev-vliw-uns-2.0-iql 25K 261K — 1(40m) 4 1(22s) 1(0s)
velev-vliw-uns-2.0-ig2 44K 542K — 2 2 1(6s) 1(1s)
velev-vliw-uns-2.0-ug5 152K 2466K — 40 11 1(310s) 1(18s)
aloul-chnl11-13 286 1742 — 4 4 4 4
hoons-vbmc-luck7? 8503 25K — 1(0s) 3 1(0s) 9
post-c32s-col400-16 286K 840K — 88 111 973 698
post-c32s-gcdm16-23 136K 404K — 25 225 3038 127
post-cbmc-aes-ele 277K 1601K — 864 781 5390 2008
cmu-bmc-barrel6 2306 8931 1(19m) 1(0s) 1(0s) 1(0s) 1(0s)
cmu-bmc-longmultl3 6565 20K 1(171s) 5 12 36 1(1s)
cmu-bmc-longmultl5 7807 24K 1(137s) 6 4 41 1(5s)
goldb-heqc-alu4mul 4736 30K 1(14m) 1(105s) 1(47m) 45 1(1s)
jarvi-eg-atree-9 892 3006 1(158s) 1(0s) 1(0s) 1(0s) 1(0s)
marijn-philips 3641 4456 1(336) 1(0s) 1(0s) 1(0s) 1(0s)
post-cbhmc-aes-d-rl 41K 252K 1(177s) 7 10 30 1(1s)
velev-engi-uns-1.0-4nd 7000 68K 1(76s) 1(3s) 2 1(19m) 1(0s)
babic-dspam-vc949 113K 360K 1(315s) 797 216 11818 250
een-pico-prop00-75 94K 324K 1(253s) 23 108 1334 276




guidanceprovided to the hybrid methodto just a few sec-
onds,turningit into essentiallylocal search.The SAT Race
instancewvell illustratethe strengthsandpromisef the ap-
proach,andby usingall unsatis ableones,we did not bias
our selectionto only “good” instances.Although not tradi-
tionalin theMaxSAT domain,we believe thatusefulinforma-
tion canbe obtainedfrom the nearsolutionswhich our tech-
nigue nds. Theusefulnes®f suchinformation,in thesense
of identifying bottleneckconstraintsjs relatively limited if
the minimum numberof unsatis edclausess large. Thatis
why we do not discussin depththe performanceof our al-
gorithmoninstancesvith no “nearsolutions, i.e., wherethe
optimalsolutionhasalarge numberof unsatis edclauses.

The solversusedin the comparisorwerefrom threefam-
ilies: exact MaxSAT solversmaxsatz [Li etal., 20074 and
msuf [Marques-Sila and Manquinho,2004; local search
SAT solverssaps , adaptg2wsat+p , andwalksat ; andour
hybrid solver Miniwalk . We useda clusterof 3.8 GHz In-
tel XeoncomputersunningLinux 2.6.9-22.ELsmpThetime
limit for themainexperimentsvassetto 1 hourandthemem-
ory limit to 2 GB. Themain ndings arereportedn Tablel.

The two local search algorithms saps and
adaptg2wsat+p ~ were selected as the best performing
oneson our suitefrom awide pool of choicesofferedby the
UBCSATsolver [Tompkinsand Hoos,2004. PureWalksat
was addedto contrastperformanceof an unguidedlocal
searchwith the guided version introducedin this paper
Threerunsfor eachproblemandalgorithmwere performed
with default parametergor thoseusedin the accompanping
paperdor thesolers,e.g.,a = 1:05for saps ), andthe best
runis reported.

The exact MaxSAT solwvers selectedwere thosethat per
formedexceptionallywell in Max-SAT Evaluation2007,0n
industrialinstancesn particular Neverthelesspnly 10 in-
stancesn our suiteweresmallenoughto be solved by these
solvers,andarereportedasthe bottomtwo setsof instances
in thetable. While 8 of thesearestill solved by Miniwalk ,
suchinstancesare often too easyfor MiniSat to provide
morethana coupleof secondf usefulguidancen the hy-
brid strateyy.

More interestingly out of the 42 remaining harderin-
stancesMiniwalk is the only solver that found surely op-
timal solutions(i.e., with 1 unsatis edclause)in asmary as
20 instancesput of which 13 instancesveresolvedby it in
underaminute. Thesearereportedasthe rst setof instances
in Table1. Note that the previously bestknovn MaxSAT
solutionsfor, e.g., schup-12s-bc56s-1-k3%nd post-cbme-
aes-ee-rdhadover 5,000and1,000unsatis edclausesresp.
Thesecondsetof instancesncludesthe9 instance®nwhich
Miniwalk wasableto nd signi cantly betterquality solu-
tionsthanary othertechniquepftenwith two ordersof mag-
nitudefewer unsatis edclauses.

Thethird setof instanceén Tablel includes9 instance®n
which otherlocal searchmethodswereableto nd equally
good solutions as Miniwalk , although sometimestaking
muchlonger Finally, for the fourth setwith 4 instancesegi-
thersaps or adaptg2wsat+p wasableto nd abetterqual-
ity solutionthanMiniwalk .

In summarywe seethatonavastmajority of theinstances,

the hybrid MaxSAT solver, Miniwalk , performedthe best.
It solved 37 out of the 52 unsatis able SAT-Race2008 in-
stancesi.e., 71%, to optimality.® In contastall othersolvers
could solve to optimality somavherebetween7 and 12 in-
stancesj.e., only 13%-21%. Finally, 29 out of the 52 in-
stancesj.e., 56%, were solved by Miniwalk in underone
minute,highlightingthe ef ciency of the hybrid method.

5 Further Insights: Hybrid Search Pattern

We now explore a little deeperinto the searchbehaior of

Miniwalk and contrastit with the local searchheuristics
(adaptg2wsat+p andsaps heuristics). Figure 1 shavs a

comparisonof the behaior for the babic-dspam-vc97&-

stancefrom our suite, with x-axis shaving the time elapsed
since the solver startedand the y-axis the numberof un-

satis ed clausesat a given time (log-scale). The instance
was chosenbecausét highlights someof the key features
of the searchmethods. It is solved to optimality (one un-

satis ed clause)by Miniwalk within a few hours,although
the datashown in the plot hasit comedown to two unsatis-
ed clauses.Thethreecurwesthatlevel-off representin de-

scendingorder Walksat , saps , andadaptg2wsat+p . The
remainingcurve with steepdropsdepictsMiniwalk . While

thelocal searchalgorithmsinitially descentapidly andthen
stabilizeat around1,000unsatis edclauseswith somenat-

ural noise, the hybrid method staysrelatively high during

the entire search(as high asthe unguidedwalksat , nearly
35,000 unsatis ed clauses),with occasionalbut extremely
steepdropsinto promisingregions. Theseregionsareexactly

wherethe bestsolutionsarefound,thanksto the DPLL guid-

ance. While the local searchoften getsstuckin a plateau,
the hybrid methodkeepstrying new promising regions as
the DPLL searchcontinuests systematiexploration. Even

DPLL doesnot make very informedchoicesat the beginning

of its searchput dueto restartswhich areanintegral partof

the state-of-the-arDPLL solvers,thesedecisionsarerevised
anda promisingregionis foundrelatively quickly. (A similar

plot for aninstanceon which Miniwalk  nishes muchfaster
maybefoundin the Appendix.)

Figure2 shavs amoredetailedlook at the internalsof the
hybrid solver. They-axisshavs a comparisorof thedepthof
the DPLL search(numberof choicepoints, scaleddowvn by
a constantfactor) and the quality of the currentassignment
found by the solver (numberof unsatis edclauses).The x-
axisis againtime andtheinstances, asbefore babic-dspam-
vc973(althoughthe datais from a different,shorterrun than
in Figurel1). The curvesshav someamountof correlation
betweerthe DPLL depthandthequality of solution,suggest-
ing thatindeedwhena brandnew region is explored by the
DPLL searchagoodquality solutioncanbediscovered.

Relatve speedof the two solvers playsanimportantrole
in the process. The slower the DPLL search,the more
time the local searchhasto explore given regions, but on
the other hand, the whole searchspaceis traversedmore

3As notedearlier we have beenableto improve thesenumbers
to 51 out of the 52 instanceshaving only one unsatis edclausein
the optimal solution[Kroc etal., 2009.
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Figure 1: Qualitatve searchbehaior in termsof the numberof unsatis edclauseqy-axis, log scale)asruntime progresses
(x-axis). Both state-of-the-arpurelocal searchmethodsunguidedwalksat andMiniwalk areshovn. Notethe deepdrops
of Miniwalk , which distinguishit from the othertechnigueslnstancebabic-dspam-vc973.cnf.
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Figure 2: Numberof unsatis edclausesn Miniwalk and
DPLL searchdepthvs. timein babic-dspam-vc973.cnf.

slowly. We experimentedwith this effect by arti cially slow-
ing down MiniSat , andrunningthe resultingsolver on the
instances. Thereappearedo be no ohvious settingthat is
clearly betterthanall others,andwe usedthe default speed
of Minisat  in theresultspresentedhere.lt is the case how-
ever, that someinstancesvere solved betterwhenMiniSat
wassloveddown. Otherparametersf the DPLL solver (the
restartfrequeng in particular)have alsomixed effect on the
results.Weleft theseparameterto MiniSat 'sdefaultsetting
in our experiments.

6 Conclusion

This paperpresentsa novel approachto solving MaxSAT
instanceshat combinesstrengthsof both DPLL and local
searchSAT solvers. The proposedhybrid solver canbe eas-
ily constructedrom ary pair of suchsolers,andwe found
that Minisat andWwalksat work exceptionallywell, solv-
ing mary hard problemsto optimality that were not solved
by ary otherstate-of-the-artechnique.The ideaspresented
here can be explored also for other relatedproblems,such
asweightedand partial MaxSAT. Thereis a clear potential
of usingthe DPLL searchto satisfy all hard constraintgor
thosewith large weight) andleaving the“ ne tuning” of the
lower-weight constraintdo the local search.Finally, further
explorationof information o w in the otherdirection—from
local searchto DPLL—beyondwhatis known in the context
of SAT (e.g.,[Mazureetal., 1998) is left asfuturework.
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A Appendix

A.1 Using Shared Memory Array

We usethelPC sharedmemoryframenork in bothsystematic
andlocal searchsolver asfollows (a C codesnippet):

#include  <sys/shm.h>

int *sharedMem = NULL;

long shmKey = 0x11112222; /lany  unique id

int shmild = shmget( shmKey, \
sizeof(int)*(nVars+1), IPC_CREAT|0600 );

sharedMem = (int*)shmat( shmid, NULL, 0 );

This memorycannow bewritten to (within DPLL) andread
from (within local search)by sharedMem|verid] At
the endof eachprogram,shmctl(shmid, IPC_RMID, 0)

freesup the sharedmemory

A.2 Additional Instance Analysis

Figure 3 shavs the comparisonbetweenlocal searchand
Miniwalk  (the bottom-mostcurve, nishing early), this
time for the ibm-2002-311r3-k30instance.This instancels
onewhereMiniwalk is clearly the bestapproachand very
quickly discovers an assignmentvith only one unsatis ed
clause(andthusan optimal MaxSAT solutionfor this unsat-
is able instance).In fact, this is the morecommonmodeof
operationof the hybrid solver: it is ableto very quickly nd
assignmentthatareoptimalor closeto optimal.

ibm 2002 31_1r3 k30

@
<
(8]
@
o
gs
g%
2 —<— Adaptg2wsat+p
% Saps
T o | —o— Walksat
g - —+— Miniwalk
E
>
c
-
T T T T T
0 500 1000 1500 2000
runtime (s)

Figure3: Qualitative searchbehaior in termsof thenumber
of unsatis edclausegy-axis,log scale)vs. runtime (x-axis).
Both state-of-the-arfpure local searchmethods,unguided
Walksat andMiniwalk areshavn. Note the uniquesteep
dropsof Miniwalk . Instanceibm-2002-311r3-k30.cnf.



