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Abstract

Systematicsearchandlocal searchparadigmsor combina-
torial problemsare generallybelieved to have complemen-
tary strengths.Neverthelessattemptsto combinethe power
of the two paradigmshave hadlimited successduein part
to the expensve information communicationoverheadin-
volved. We proposea hybrid stratgly basedon sharednem-
ory, ideally suitedfor multi-coreprocessoarchitecturesThis
method enablescontinuousinformation exchangebetween
two solvers without slowing down either of the two. Such
a hybrid searchstratgy is surprisingly effective, leading
to substantiallybetterquality solutionsto mary challenging
Maximum Satis ability (MaxSAT) instanceghan what the
currentbestexact or heuristic methodsyield, and it often
achievesthis within seconds.This hybrid approachs natu-
rally bestsuitedto MaxSAT instancedor which proving un-
satis ability is alreadyhard; otherwisethe methodfalls back
to purelocal search.

Intr oduction

BooleanSatis ability (SAT) solvershave seentremendous
progressin recentyears. Several of the currentbestopen
sourceSAT solwers scaleup to instanceswith over a mil-
lion variablesand several million clauses.Theseadwances
have led to anever growing rangeof applicationssuchasin
hardwareandsoftwareveri cation, andplanning(cf. Hand-
book of SAT (Biere et al. 2009)). In fact, the technol-
ogy hasmaturedfrom being a largely academicendeaor
to an areaof researchwith strong academicand indus-
trial participation. The currentbestSAT solvers for han-
dling “structured” instancesare basedon Davis-Putnam-
Logemann-Leeland or DPLL (Davis and Putnam1960;
Davis, LogemannandLoveland1962)style complete sys-
tematic search. The competingsearchparadigmfor SAT
solving is basedon local search(cf. (Hoos and Stutzle
2004)), which performswell in certain problem domains
but, in generaljs not aseffective on highly structuredorob-
lem domains.

Determiningwhethera Booleanformulais satis able or
notis aspecialkcaseof themaximumsatis ability (MaxSAT)
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problem,wherethe goalis to nd an assignmenthat sat-
is es as mary clauses,or constraints,as possible. Even
thoughMaxSAT is a naturalgeneralizatiorof SAT, andthus
closelyrelated,progresshasbeenmuchslower on ef cient
solutionstratgyiesfor theMaxSAT problem.Thereis agood
explanationas to why this is the case. Two key compo-
nentsbehindtherapidprogresgor DPLL basedSAT solvers
are: highly effective unit propagtion, and clauselearning.
(Otherfactorsinclude randomizatiorand restartstrateyies,
and effective datastructures.) Both techniquesn a sense
focuson avoiding local inconsistencieswhena unit clause
occursin aformula, oneshouldimmediatelyassigna truth
valueto thevariablesothatit satis estheclauseandwhen
a branchreachesa contradiction,a no-goodclausecan be
derivedwhich captureghe causeof thelocal inconsisteng.

In a MaxSAT setting,thesestratgyies,at leastin the con-
text of branch-and-bountechniquescanbe quite counter
productie andin factleadto incorrectresults.For example,
for an unsatis ableinstance,the optimal assignmentj.e.,
onesatisfyingthemostclausesmaybetheonethatviolates
severalunit clauses.Also, whena contradictionis reached,
the bestsolution may be to violate one of the clauseshat
led to the contradictionratherthanaddinga no-goodwhich
effectively steersthe searchaway from the contradiction.
Hence,neitherunit propagtion nor clauselearningappear
directly suitablefor aMaxSAT solver. Unfortunatelytaking
suchmechanismsut of the DPLL searchstratgly dramat-
ically reduceghe effectivenessof the search. This is con-

rmed whenoneconsiderghe performancef exactsolvers
for MaxSAT that, in effect, employ a branch-and-bound
searchbut do not have unit propagtion or clausedearning
incorporated Although progresshasbeenmadein the area
of exactMaxSAT solvers,theinstanceshatcanbesolvedin
practicearegenerallymuchsmallerthaninstanceghat can
be handledby SAT solvers. Justasan example,a bounded
model checking instanceconsideredin our experiments,
cmu-bmc-barrel6.cnfs solved by the state-of-the-aréxact
MaxSAT solverssuchasmaxsatz (Li, Manya, andPlanes
2007) and msuf (Marques-Sila and Manquinho2008)in
20-30minuteswhile within only a coupleof second$y an
exactSAT solerlike Minisat  (EénandSorenssor2005).

A morenaturalt for theMaxSAT problemis to uselocal
search.Suchmethodsareincompletebut they can nd ap-
proximatesolutionsfor large probleminstancesTheadwan-



tageof alocal searctstrateyy is thatit in asenseoperatesn
amoreglobalmannergenerallyusingthecurrentnumberof
unsatis edclausesasa gradientto guide a further descent.
In this procesdocal searchdoesnt hesitateto violate unit
clausesf thatappearsbene cial. Someof the earliestlo-
cal searchresultsfor MaxSAT werebasedon the Walksat
procedurgSelmanKautz,andCohen1996). Fromthe per
spectve of local searchthebasicSAT andMaxSAT strate-
giesarequitesimilar. Researchentsave recentlyshavedthat
more sophisticatedocal searchstrateyies can signi cantly
improve upontheWalksat performanceFor example,two
state-of-the-artocal searchsolvers, which alsowork very
well for MaxSAT, aresaps (Hutter, Tompkins,and Hoos
2002; TompkinsandHoos2003)andadaptg2wsat+p (L,
Wei, andZhang2007).

The performanceof the recentlocal searchmethodson
large hard probleminstancequnsatis ableinstancesat the
edgeof feasibility for currentSAT solvers)appearsmpres-
sive. For example,on the industrialinstancebabic-dspam-
vc973.cnffromthe SAT Race-2008Sinz(Organizer)2008),
a typical unsatis able benchmarkinstancewith 900,000+
clausesyalksat 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
Sorenssor?005), canprove the instanceto be unsatis able
in around3 hours.The questionremains how closethe ob-

tained MaxSAT solutionis to the optimal solution? The
fact that differentlocal searchMaxSAT methodscorverge
to roughly the samenumberof unsatis edclausesandrun-

ning them for mary more hoursdoesnot further improve

the solutionmayleadoneto conjecturethat 1,000might be
closeto optimal. However, onereasonto be lesscon dent

of the quality of the solutionis that local searchmethods
have beenshavn to have troubledealingwith long chainsof

dependenciem structuredprobleminstanceseventhough
specialencodingsand the addition of inferred clausescan
helpalleviatesomeof theseproblemgde.g.,(Prestwici2007;
HirschandKojevnikov 2005)).

Theissueof problemstructure onwhich DPLL methods
excel but which challengedocal searchstylemethods|eads
usnaturallyto the two main questionsaddressedth this pa-
per: (1) How good are the current bestsolutionson struc-
tured problems? (2) Can state-of-the-artSAT solves help
on the MaxSA problem?As we will demonstratethe cur-
rentbestsolutionson structuredoroblemsareoften surpris-
ingly far from optimal. We shaw this by nding solutions
with a single unsatis edclause(andthereforeoptimal) for
unsatis ableprobleminstanceswherethe bestpreviously
known solutionshad hundredsor thousandof unsatis ed
clauses.For example,the optimal solutionfor the instance
mentionedabove doesnot have around 1,000 unsatis ed
clausesut actuallyjust one(out of 900,000+clausedotal).
We demonstratehis usinga new solver thatcameforth out
of our study of the secondquestion—carwe useDPLL to
boostalocal searctsolver? We introducea hybrid solution
strategy, whereinformationfrom a DPLL SAT solwer pro-
vides continuedguidancefor a local searchstyle MaxSAT
solver. We useMiniSat asour DPLL solver andwalksat

asour MaxSAT solver. Our hybrid solver is called Mini-
Walk. The integration of the solversis surprisinglyclean,
requiringonly afew linesof code.

The incremental, systematic search approach behind
backtracksearch(as in MiniSat ) and the stochasticlo-
cal searchapproach(as in walksat ) representthe two
main combinatorial searchparadigms. It appearsnatu-
ral to integrate theseapproachedo leverageeachothers
strengths.In fact, therehave beenvariousattemptsat such
integration, for example, using local searchto nd good
branchingvariablesfor DPLL or to identify minimal un-
satis able subsetge.g.,(Mazure,Sais,and Grégoire 1998;
Grégoire,Mazure,and Piette2007a)). However, theseat-
tempts,especiallythosetargetedat traditional SAT solving,
have not beenas effective asone would have hoped. One
particularissuethat hampersntegration of solversin gen-
eral is that time spentin the lesseffective solver is often
more costly thanthe time saved by the fastersolver when
usingthe information obtainedwith the slower one. More
concretely althoughWalksat may be ableto provide bet-
ter branchinginformationleadingto a smallerDPLL tree,
thetime savedthroughthereductionin treesizeis oftenless
thanthetime spenton runningWalksat . Hence,theissue
of haw muchtime to spendn eachsolver becomes careful
balancingact,andis oftenprobleminstancedependent.

Fortunately the computeparadigmbasedon multi-core
processorgliminatesmuchof thesedif culties. In particu-
lar, in our hybrid solver, werunbothMiniSat andwalksat
atfull speedn parallelon two differentcoresof a standard
dual-coreprocessarDuringtherun, MiniSat ~ writesits cur
rent branchinginformation into a sharedmemory More
speci cally, this memory containsthe valuesof all vari-
ablesthataresetin the currentbranchof the DPLL search.
Runningon the other processaqrbefore ipping the value
of avariable,walksat “peeks”at the sharedmemoryand
only 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 current
DPLL branch.)In this setting,informationfrom DPLL con-
tinuously steersthe Walksat searchstratgy. And, aswe
will seethe DPLL searchrequentlysteersvalksat to ex-
tremelypromisingregionsof the searchspacewherenear
satisfyingassignmentgxist. Moreover, without the guid-
ance Walksat or otherlocal searchmethodsdo not appear
to reachsuchpromisingareasof the searchspace.We will
discussthe searchbehaior of our hybrid stratgy in more
detail in the text. We will seethat our hybrid searchpro-
gressesn a mannemot obsenedin ary non-tybrid search
stratgy. We again stressthat the dual-coremechanisnis
a key factorbehindthe succes®f our approachbecauset
eliminateshe needfor intricatetime allocationsfor thetwo
typesof search.

In summary our resultsshav 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(oneunsatis-



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

not thousandsof unsatis edclausesn the bestsolutionsto
thesevery instances. This work thereforeprovides a step
towardsclosing the performancegap betweenSAT solvers
andMaxSAT solvers.Theresultsalsodemonstratéhatthere
is a real potentialin usingmulti-core processorsn combi-
natorial searchwheresharedmemoryis usedto provide a
low-costcommunicatiorchannebetweerthe processes.

We note that the focus of our hybrid approachis natu-
rally on instanceghat are non-trivial for both DPLL and
local searctsolvers. Most of the MaxSAT benchmarkgur
rently available,suchasthe onesusedin MaxSAT Evalua-
tion 2007 (Argelich et al. 2007), are targetedtowardsthe
scalability region of exact MaxSAT solvers, and are thus
too easyfor DPLL-basedSAT solvers suchas Minisat
On suchinstances,the DPLL part of our hybrid solver,
Miniwalk , oftenterminatesvithin asecondproviding little
guidanceto thelocal searchpart. The hybrid methodthere-
fore essentiallyfalls backto purelocal search performing
no better(but alsono worse)thanalternatve approachesn
thesenstancesTo illustratethe strengthandpromiseof our
approachwe performan evaluationon all unsatis ablein-
stanceaisedin SAT Race-2008which are challengingnot

only asMaxSAT instance$ut alsoassatis ability instances.

We hopeour positive resultswill encourag¢hedevelopment
of MaxSAT benchmarkshatarenon-trivial to prove unsat-
is able.

We alsonotethatgiventheperformancef otherMaxSAT
solvers on the SAT Race-2008instances,it is quite sur
prising that all but one of theseinstanceshave only a
single unsatis ed clausein the optimal MaxSAT solution.
This clausecan be thoughtof asa “bottleneckconstraint”
for the instance. In fact, by running our solver multiple
times with different random seeds,we can identify sev-
eral different bottleneckconstraints,relaxing ary one of
which will turn the instanceinto a satis able one. In this
sensepottleneckconstraintgrovide a form of explanation
of unsatis ability, complementinghe informationprovided
by other conceptsbeing exploredin the literaturesuchas
minimal unsatis able cores, minimal setsof unsatis able
tuples, etc. (cf. (Marques-Sila and Manquinho 2008;
Grégoire,Mazure,and Piette2007a;2007b)). The kind of
informationprovided by the singleviolatedconstraintohbvi-
ouslydepend®n the problemencoding.In the standardAl
planningencodingshasedon the Satplan/BlackboxXrame-
work (Kautz and Selman1998), we found that, contraryto
whatonemightexpect,thebottleneckconstrainis oftennot
simply the “goal predicate”thatis beingviolated. It is, in
fact, morecommonto nd clausessncodingconstraintsn
theintermediatestepsof the plan. The semantianeaningof
the violation of the constraintis tightly tied to the problem
domainandits encoding. Often how one may physically

1we have recentlybeenableto furtherimprove uponthis using
a“relaxed DPLL" approachwhich shaws thatin factasmary as
51 out of the 52 unsatis ableSAT Race-2008nstancesave only
one unsatis ed clausein the optimal solution (Kroc, Sabhanal,
andSelman2009).

X" theissuehighlightedby the violated bottleneckcon-
straintis not obvious. Designingspecialencodingsvhere
violated constraintsdo indicatewaysto x the underlying
issueis aninterestingdirectionfor futureresearch.

The rest of the paperis organized as follows. After
discussingsome basic conceptsin the following section,
we presentour hybrid solver, Miniwalk , in more detail.
In the experimentalsection,we evaluatethe performance
of Miniwalk and compareit with other state-of-the-art
MaxSAT solvers. We thenshav how the searchperformed
by Miniwalk differs qualitatively from thatof othersearch
methods Finally, we provide concludingremarksin thelast
section.

Preliminaries

LetV be a setof propositional(Boolean)variables,which
take valuein the setf 0;1g. We think of 1 as True and0
asFalse.Let F bea propositionafformulaoverV. A solu-
tion to F (alsoreferredto asa satisfyingassignmentor F)
is a 0-1 assignmento all variablesin V suchthatF evalu-
atesto 1. PropositionalSatis ability or SAT is the decision
problemof determiningwhetheraninputformulaF hasary
solutions. This is the canonicalNP-completeproblem. In
practice,oneis alsointerestedn nding a solution,if there
existsone.

Instancesf the SAT problemare often speci ed in the
Conjunctive NormalForm (CNF). HereF is givenasacon-
junction of clauses eachclauseis a disjunctionof literals,
andeachliteral is eithera variableor its negation. For ex-
ample,F = (a_: b)”* (: a_c) isaCNFformula.

Whena CNF formulaF is unsatis able,i.e., thereis no
truth assignmento the variablesin V for which all clauses
of F aresatis ed,oneis ofteninterestedn solvingtheprob-
lem asmuchaspossible.Formally, MaximumSatis ability
or MaxSAT is theoptimizationproblemof nding atruthas-
signmentthat satis esasmary clausesf aninput formula
F aspossible. We will referto suchtruth assignmentss
optimal MaxSA' solutions Onenaturalquantityof interest
whenperforminga searchfor an optimal MaxSAT solution
is the numberof unsatis ed clausesfound at the end of a
searchprocedure.As we will seein experimentalsection,
the optimal MaxSAT solutionsfor mary interestingindus-
trial probleminstanceshapperto have only oneunsatis ed
clause andthe proposedybrid methodis oftenableto nd
suchsolutionsvery ef ciently .

Most of the successfukearchmethodsfor SAT canbe
classi ed into two categories: systematiccompletesearch
and heuristic local search. For SAT, systematiccom-
pletesearchtakestheform of the Davis-Putnam-Logemann-
Loveland or DPLL procedure(Davis and Putnam 1960;
Davis, LogemannandLoveland1962). Theideais to doa
standardranch-and-backtradearchin thespaceof all par
tial truth assignmentd-euristicsareusedto setvariablesto
promisingvaluesuntil eithera solutionis foundor a contra-
diction is reachedjn the latter case the solver backtracks,

ips thevalueof avariablehigherupin the searchree,and
systematicallycontinueghe searchor asolution—nav in a
previously unexploredpartof thesearctspace ModernSAT
solversbasedon DPLL emplogy additionaltechniquesuch



asclauselearning,restarts highly ef cient datastructures,
etc. While the systematicsolver, Minisat , thatformsone
half of our hybrid approachdoesimplementtheseadvanced
techniquesthedetailsof theseechniquesrenotcrucialfor
understandinghe restof this paper
LocalsearclSAT solwvers,alsoreferredto asstochastido-

cal searchor SLS solvers,work with completetruth assign-
mentswhich, of courseyiolate somenumberof clausede-
fore a solutionis found. Theideahereis to do local modi -
cationsto the currentcompletetruth assignmentguidedes-
sentiallyby thecurrentlyunsatis edclausesThelocalmod-
i cations often take the form of heuristicallyselectingone
variableto ip, basedoften on how mary of the currently
unsatis edclauseswill becomesatis ed andhow mary of
the currentlysatis ed clauseswill becomeunsatis ed. Re-
ned local searchsolversemploy techniquesuchasselect-
ing variablesmostlyonly from currentlyunsatis edclauses,
clausere-weightingandstochastiaoiseto escapdocal min-
ima, adaptvely adjustingthe noiselevel, etc.

Using DPLL to Guide Local Search

Our hybrid MaxSAT solver, Miniwalk , hastwo partsthat
arevery independenexceptfor sharinga small amountof
memoryfor informationexchange:a DPLL solverandalo-
cal searchsolver. Themainideais the following: MiniSat
informsthe local seach which part of the search spaceit is
currentlyseaching in, andWalksat looselyrestrinsitself
to the samepart of the search spaceby not ipping aliteral
againstMiniSat

Both DPLL and local searchare performedsimultane-
ously, sothereareliterally two processegsolvers)running
atthesametime. This doesnot slowv down the performance
of either giventhemulti-corearchitecturehatis becominga
standardn the computerindustryandthe very low commu-
nicationoverheadnvolved. The detailswill follow shortly,
but let us remarkalreadythatary DPLL heuristicandary
local searchheuristiccanbeinstrumentedo createa hybrid
solverin thisfashionandtheactualimplementatiomequires
only afew additionallinesof code.

A DPLL solver proceedsy successiely selectingvari-
ablesand their polarities (truth values), xing thosevari-
ablesaccordingly and simplifying the instance. A lot of
effort hasbeeninvestedin designingheuristicsthat guide
the searchinto partsof the searchspacewheresolutionsare
likely to befound. A goodDPLL heuristicoftenguidesthe
searchin the directionwhereas mary clausesas possible
aresatis ed. We usethis searchbiaseven on formulasthat
are not satis able, assumingthat good nearsolutionswill
lie in the regionsthat look attractive to a DPLL heuristic.
The information aboutthe region of the searchspacethat
theDPLL solveris currentlyexploringis communicatedis-
ing a shaied memoryarray. In this array sharedbetween
the two solver processeseachvariableof the problemin-
stancehaseitherthevalue“unassigned’or the polarity (O or
1) thatis currentlyassignedo it by the DPLL search.The
only changeto the codeof the DPLL solver is thusa line
thatwritesthe correctpolarity every time a variableis x ed
(branchedn or set,e.g.,by unit propagtion). Thevariable

valuein the sharedarray is revertedbackto “unassigned”
uponbacktracking

Onthelocalsearchside,themodi cation is alsoonly very
slight. The standardocal searchprocedurehastwo steps
that keeprepeating:pick a variableto ip, and ip these-
lectedvariable. The only modi cation we make is in the
secondstep:we ip thetruth valueof avariableonly if the
new valuedoesnot violate the settingthe DPLL searchhas
for thatvariablein the sharedarray In otherwords,we ip
avariablefrom, say TRUE to FALSE only if it is eitherunas-
signedby theDPLL searctloris assignedaL Se. Otherwise
we simply do nothingandwalksat selectsa differentvari-
ableto ip in the next step. This is depictedformally as
Algorithm 1. Thetwo stepsmarkedwith “***” areliterally
theonly changethatneedgo bemadeto pureWalksat .

Algorithm 1: Hybrid-Walksatpartof Miniwalk
begin
*** |nitialize sharedmemoryarrayM
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

This way, the information o ws only in one direction:
from DPLL to thelocal searchThelocal searchs responsi-
ble for reportingthe best-so-&r achieazed assignmentywhich
is in turn usedasan estimatedsolutionto the MaxSAT in-
stancelf theDPLL searchnishes very quickly (i.e., easily
determineaunsatis ability within a few seconds)thenthe
local searchhasno time to take advantageof the guidance
provided by the sharedarray andthe hybrid methoddoes
not improve uponplain local search.If, on the otherhand,
we have a sufciently hardinstanceat hand,we found that
this strat@y is remarkablysuccessfubt nding very good
solutions.

Thereis, of course the questionof which DPLL andlo-
cal searchsolversto select. The Minisat and Walksat
combinationturnedoutto performthebest.We alsoconsid-
eredRsat DPLL solver, which addsthe conceptof “restart
memory”to thesearchWhile successfulor SAT, we found
thatRsat did not performaswell asMinisat  for our pur
posesperhapdecauseéhe memoryconstrainedhe search
to too local a region and alsobecausersat generallyter-
minatesquicker thanMinisat , providing lessguidanceto
Walksat . On the local searchside, we tried using more
powerful algorithms,namely adaptg2wsat+p  andsaps ,
which performedbeston our problemsuite as stand-alone
local searchsolvers (seethe experimentalsection). But we
foundthatneitherperformedaswell aswalksat whencou-
pled with a DPLL solwer, presumablybecauseheir deci-
sions/ ips weremuchmorefocusedthanwalksat 's, andit

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



washarderfor the solversto follow the DPLL guidance.

Experimental Results

We conductedexperimentson all 52 unsatis ableformulas
from the SAT Race-200&uite(Sinz(Organizer)2008).The
reasorfor choosinghesanstancesatherthantheMax-SAT
Evaluation2007 (Argelichet al. 2007)instancess thatthe
latter areall too easyfor MiniSat , thuslimiting the DPLL
guidanceprovided to the hybrid methodto just a few sec-
onds,turningit into essentiallylocal search.The SAT Race
instancesvell illustratethestrength@ndpromiseof theap-
proach,andby usingall unsatis ableones,we did not bias
our selectionto only “good” instances Although not tradi-
tional in the MaxSAT domain,we believe thatusefulinfor-
mation can be obtainedfrom the nearsolutionswhich our
techniquends. The usefulnes®f suchinformation,in the
senseof identifying bottleneckconstraintsis relatively lim-
ited if the minimum numberof unsatis edclausess large.
That is why we do not discussin depththe performance
of our algorithmon instanceswvith no “nearsolutions; i.e.,
wherethe optimalsolutionhasalarge numberof unsatis ed
clauses.

Thesolversusedin the comparisorwerefrom threefam-
ilies: exact MaxSAT solvers maxsatz (Li, Manya, and
Planes2007) and msuf (Marques-Silka and Manquinho
2008); local searchSAT solwers saps , adaptg2wsat+p
andwalksat ; andour hybrid solver Miniwalk . We used
a clusterof 3.8 GHz Intel Xeon computersrunning Linux
2.6.9-22.ELsmp.Thetime limit for the main experiments
wassetto 1 hourandthe memorylimit to 2 GB. The main
ndings arereportedn Tablel.

The two local search algorithms saps and
adaptg2wsat+p  were selectedas the best performing
oneson our suitefrom awide pool of choicesofferedby the
UBCSATsolver (TompkinsandHoos2004). PureWalksat
was addedto contrastperformanceof an unguidedlocal
searchwith the guided version introducedin this paper
Threerunsfor eachproblemandalgorithmwereperformed
with default parametergor thoseusedin the accompaying
paperdor thesolers,e.g.,a = 1:05for saps ), andthebest
runis reported.

The exact MaxSAT solversselectedverethosethat per
formedexceptionallywell in Max-SAT Evaluation2007,0n
industrialinstancesn particular Neverthelesspnly 10 in-
stancesn our suiteweresmallenoughto besolvedby these
solvers,andarereportedasthe bottomtwo setsof instances
in thetable. While 8 of thesearestill solvedby Miniwalk ,
suchinstancesare often too easyfor MiniSat to provide
morethana coupleof second®f usefulguidancen the hy-
brid strateyy.

More interestingly out of the 42 remainingharderin-
stancesMiniWalk is the only solver thatfound surelyop-
timal solutions(i.e., with 1 unsatis edclause)in asmary
as 20 instancesput of which 13 instancesvere solved by
it in undera minute. Thesearereportedasthe rst setof
instancesn Table 1. Note thatthe previously bestknown
MaxSAT solutionsfor, e.g., schup-12s-bc56s-1-k394nd
post-cbme-aes-ee-t3ad over 5,000 and 1,000 unsatis ed

clausesresp. The secondsetof instancesncludesthe 9 in-
stancesn which Miniwalk wasableto nd signi cantly
betterquality solutionsthanary othertechniquepftenwith
two ordersof magnitudefewer unsatis edclauses.

Thethird setof instancesn Table1 includes9 instances
on which other local searchmethodswere able to nd
equally good solutionsas Miniwalk , althoughsometimes
taking muchlonger Finally, for the fourth setwith 4 in-
stanceseithersaps or adaptg2wsat+p wasableto nd a
betterquality solutionthanMiniwalk .

In summary we seethat on a vast majority of the in-
stancesthe hybrid MaxSAT solver, Miniwalk , performed
the best. It solved 37 out of the 52 unsatis ableSAT-Race
2008instancesi,e., 71%,to optimality. In contastall other
solverscould solve to optimality somevherebetween’ and
12 instancesi.e., only 13%-21%. Finally, 29 out of the 52
instancesi.e.,56%,weresolvedby Miniwalk in underone
minute,highlightingthe ef ciency of the hybrid method.

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). Figure1 shavs a
comparisorof the behaior for the babic-dspam-vc978-
stancefrom our suite,with x-axis shaving thetime elapsed
sincethe 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)oy Miniwalk within afew hours,although
the datashawn in the plot hasit comedown to two unsat-
is ed clauses.The threecurvesthat level-off representjn
descendingrder Walksat , saps, and adaptg2wsat+p
The remainingcurve with steepdropsdepictsMiniwalk .
While the local searchalgorithmsinitially descentrapidly
andthenstabilizeat around1,000 unsatis ed clauseswith
somenaturalnoise,the hybrid methodstaysrelatively high
duringthe entiresearch(ashigh asthe unguidedwalksat |,
nearly 35,000unsatis edclauses)with occasionabut ex-
tremely steepdropsinto promisingregions. Theseregions
areexactly wherethe bestsolutionsarefound, thanksto the
DPLL guidance.While the local searchoften getsstuckin
a plateau,the hybrid methodkeepstrying new promising
regionsasthe DPLL searchcontinuests systematiexplo-
ration. EvenDPLL doesnot male very informedchoicesat
the beginning of its searchput dueto restartswhich arean
integral partof thestate-of-the-afDPLL solvers,thesedeci-
sionsarerevisedanda promisingregion is found relatively
quickly. (A similar plot for aninstanceon which Miniwalk
nishes muchfastermaybefoundin the Appendix.)
Figure2 shavs amoredetailediook attheinternalsof the
hybrid solver. The y-axisshavs a comparisorof the depth
of the DPLL search(numberof choicepoints,scaleddown
by a constantfactor) andthe quality of the currentassign-
ment found by the solver (numberof unsatis ed clauses).

3As notedearlier we have beenableto improve thesenumbers
to 51 out of the 52 instanceshaving only oneunsatis edclausein
theoptimalsolution(Kroc, Sabhanal, andSelman2009).



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
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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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Figure2: Numberof unsatis edclausesn Miniwalk and
DPLL searctdepthvs. time in babic-dspam-vc973.cnf.

Thex-axisis againtime andtheinstances, asbefore babic-
dspam-vc973althoughthe datais from a different,shorter
runthanin Figurel). Thecurvesshaov someamountof cor
relationbetweerthe DPLL depthandthequality of solution,
suggestinghatindeedwhenabrandnew region is explored
by the DPLL searchagoodquality solutioncanbe discov-
ered.

Relatve speedof thetwo solversplaysanimportantrole
in the process.The slower the DPLL searchthe moretime
thelocal searchasto exploregivenregions,but ontheother

hand,the whole searchspaceis traversedmoreslowly. We
experimentedwith this effect by arti cially slowing down
MiniSat , andrunningtheresultingsolver ontheinstances.
Thereappearedo beno obvioussettingthatis clearlybetter
thanall others,andwe usedthedefault speedf Minisat  in
theresultspresentedhere. |t is the case however, thatsome
instanceswere solved better when MiniSat  was slowed
down. Otherparametersf the DPLL solver (therestartfre-
gueng in particular)have alsomixed effect on the results.
We left theseparameterso MiniSat ‘s default settingin our
experiments.

Conclusion

This paperpresentsa novel approachto solving MaxSAT
instanceghat combinesstrengthsof both DPLL andlocal
searchSAT solvers. The proposechybrid solver canbe eas-
ily constructedrom ary pair of suchsolvers,andwe found
thatMinisat andWalksat work exceptionallywell, solv-
ing mary hardproblemsto optimality thatwerenot solved
by ary otherstate-of-the-artechnique Theideaspresented
herecanbe exploredalsofor otherrelatedproblems,such
asweightedandpartial MaxSAT. Thereis a clearpotential
of usingthe DPLL searchto satisfyall hardconstraintgor
thosewith largeweight) andleaving the“ ne tuning” of the
lower-weightconstraintgo thelocal search Finally, further
explorationof information o w in theotherdirection—from
localsearchto DPLL—beyondwhatis known in the context
of SAT (e.g.,(Mazure,Sais,and Gregoire1998))is left as
futurework.
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Appendix

Using Shared Memory Array
We usethe IPC sharednemoryframework in both system-
aticandlocal searctsolver asfollows (a C codesnippet):
#include  <sys/shm.h>
int *sharedMem = NULL;
long shmKey = 0x11112222; llany
int shmld = shmget( shmKey, \

sizeof(int)*(nVars+1), IPC_CREAT|0600 );
sharedMem = (int*)shmat( shmid, NULL, 0 );
This memory can nowv be written to (within
DPLL) and read from (within local search) by
sharedMem|[verld] At the end of each program,
shmctl(shmid, IPC_RMID, 0) frees up the shared
memory

unique id

Additional Instance Analysis

Figure 3 shavs the comparisonbetweenlocal searchand
Miniwalk  (the bottom-mostcurve, nishing early), this
time for theibm-2002-311r3-k30instance Thisinstances
onewhereMiniwalk is clearlythe bestapproachandvery
quickly discovers an assignmentvith only one unsatis ed
clause(andthusanoptimalMaxSAT 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.
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Figure3: Qualitative searctbehaior in termsof thenumber
of unsatis edclausegy-axis,log scale)vs.runtime(x-axis).
Both state-of-the-arpure local searchmethods,unguided
Walksat andMiniwalk areshowvn. Notethe uniquesteep
dropsof Miniwalk . Instanceibm-2002-311r3-k30.cnf.



