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Abstract : This paperintroducesa hybrid geneticalgorithm
for the satisfiability problem(SAT). This algorithm, called
GASAT, incorporatedocal searchwithin the geneticframe-
work. GASAT relayson a problemspecificcrosseer op-
eratorto createnew solutions,that areimprovedby a taku
searchprocedure.The performanceof GASAT is assessed
usinga setof well-known benchmarks.Comparisonsvith
state-of-the-artSAT algorithms shov that GASAT gives
competitve results.

1 Intr oduction

The satisfiability problem(SAT) [7] is of greatimportance
bothin theoryandin practice.The statemenof the problem
is very simple. Given a well-formedBooleanexpressiorE,
is therea truth assignmenthat satisfiesit? In theory SAT
is oneof the six basiccoreNP-completgroblems.In prac-
tice, mary applicationssuchasVLSI testand verification,
consisteng maintenancefault diagnosis,planningand so
on canbe formulatedwith SAT. SAT is originally statedas
adecisionproblem.In practice,onemaytake aninterestin
otherrelatedSAT problems.We canmention,for instance:

¢ model-finding:to find satisfyingtruth assignments

¢ MAX-SAT: tofind anassignmenivhichsatisfieghemax-
imum numberof clauses

¢ model-counting:to find the numberof all the satisfying
truth assignments.

During the last decade,several improved solution algo-
rithms have been developed and important progresshas
beenachieved. Thesealgorithmshave enlaged consider
ably our capacityof solvinglarge SAT instancesTheinter-
nationalchallengesrganizedtheseyearscontinueto boost
theworldwideresearcton SAT.

Existingalgorithmsfor SAT areeithercompleteorincom-
plete. A completealgorithmis designecdto solve the ini-
tial decisionproblemwhile an incompletealgorithm aims
at finding satisfying assignmentgmodel-finding). The
mostpowerful completealgorithmsarebasedon the Davis-
Putnam-Laeland procedure[3]. They differ essentially
by the underlying heuristic used for the branchingrule
[16, 27, 4]. Specifictechniquesuchassymmetry-breaking,
backbonealetectingor equivalenceeliminationarealsoused

to reinforcethesealgorithmg[1, 15, 5]. Noticethatthereare
alsocompletealgorithmsusingapproachesuchas0/1 lin-
earprogramming12], Lagrangiarrelaxation[25] andcon-
straintpropagatiorwith no-goodrecording[14].

Existing incompletealgorithmsfor SAT arebasedon lo-
calsearcH?24, 26] andevolutionaryalgorithms[13, 11, 2, 6,
17]. Thevery simplehill-climber Gsat[22] andits power-
ful variantWalksat[21] arefamousexamplesof incomplete
algorithms. Thoughincompletealgorithmsare little help-
ful for unsatisfiablénstancesthey representhe uniqueap-
proachfor finding modelsof very large instances.Among
theseincompletealgorithms, Walksat seemsto dominate
the otheralgorithmsover a large numberof benchmarkn-
stances.

A currenttrendfor designingmore powerful algorithms
consistsin combiningin someway the bestelementsrom
differentapproachedgadingto hybrid algorithms. This is
for instancewhatZchaf accomplishe§20].

In this paperwe presentGASAT, anew hybrid algorithm
embeddinga talu searchprocedureinto the evolutionary
framework. At avery high level, GASAT sharessomesim-
ilarities with the hybrid algorithmproposedn [2]. GASAT
distinguishestself by the introductionof original and spe-
cialized crosswer operatorsa powerful Tabu Search(TS)
algorithmandtheinteractionbetweertheseoperators.

In the following sections, we introduce the general
GASAT algorithm as well as its main components. We
presentthen experimentsto study and analyzethe influ-
enceof someimportantcomponents.The performanceof
GASAT isthenassessednalargerangeof well-known SAT
instancegindcomparedvith the well-known Walksatalgo-
rithm. We shav thusGASAT competegavorably with this
stateof the art algorithm. Futureextensionsandimprove-
mentsarediscussedn thelastsection.

2 BasicComponents

As mentionedn theintroduction,the purposeof this paper
is to designa new algorithmfor SAT by combininglocal
searchand evolutionary concepts. In this section,we de-
fine somebasicnotionsandnotationgrelatedto evolutionary
computation]ocal searchandpropositionalogic.



The SAT problem

An instanceof the SAT problemis definedby a set of
booleanvariables(alsocalledatoms)X = {z1,...,z,} and
abooleanformula¢: {0,1}" — {0,1}. A literal is a vari-
able or its negation. A clauseis a disjunctionof literals.
Theformula ¢ is in conjunctive normalform (CNF) if it is
a conjunctionof clausesA (truth) assignmenits a function
v: X — {0,1}. Theformulais saidto be satisfiabldf there
exists an assignmensatisfyind ¢ and unsatisfiableother
wise. In this paper ¢ is supposedo bein CNF

Our searchmethodrelies on the managemenof a pop-
ulation of configurationsrepresentingpotential solutions.
Thereforewe presennow the basicmaterialsfor this popu-
lation.

Representation

The mostobvious way to represenainindividual for a SAT
instancewith n variabless astringof n bitswhereeachvari-
ableis associatedo onebit. Otherrepresentatioschemes
arediscussedn [9]. Thereforethe searchspaceis the set
S = {0|1}™ (i.e. all the possiblestringsof n bits) andan
individual X obviously correspondso anassignment.X |i
denoteghe the truth value of the i** atomand X[i + a
denotesanindividual X wherethe it* atomhasbeensetto
thevaluea. Givenanindividual X anda clause , we use

X, todenotethe factthatthe assignmenassociated
to X satisfiegheclause .

Fitnessfunction

Givenaformula¢ andanindividual X, the fithessof X is
definedto be the numberof clauseswvhich are not satisfied

by X.
v :§—>
v X = {1 X
where denotesasusualthe cardinality of a set. This

fitnessfunctionwill beusedin the selectionprocessaandin-
duceanorderonthe population.

SelectionProcess

The selectionoperatoris a function which takesasinput a
given populationand extracts someindividuals according
to a selectioncriterion. Theseselectedndividualsarethe
chosermparentdor the evolution processandwill evolve by
crossweroperationsTo insureanefficientsearchijt is nec-
essanto keepsomediversityin the population.Actually, if
the selectegarentsaretoo close,someregion of thesearch
spacesS will not be explored. The diversity of the selected
populationis achieved by introducing the notion of ham-
ming distance[10] betweenstringsof bits. This distance
correspondsimply to the numberof differentbits between
two stringsandcanbe definedhereas:
S S—
X, = {X|i X|Xl|i= |i}

1This notion of satisfiabilityis definedaccordingto the well-
known propertiesof logical connectorsn propositionalogic.

Therefore we define the function
— such that 1,
bestX in  accordingto wv

7n7 ) X7

is the‘set of the n
and suchthat X,

3 TheHybrid GeneticAlgorithm: GASAT

The GASAT Algorithm

The final algorithmis obtainedby combininga crosseer
stagewith a local searchimprovement. Given an initial

population, the first step consistsin selecting its best
elementqi.e. assignmentsjv.r.t. thefunction v . Then,
crosswersareperformedon this selectedhopulation.Each
child is individually improvedthanksto tabu search.If the
improvedchild is betterthanthe assignmentalreadyin the
populationthenit is addedto the currentpopulationandthe
whole procesgyoeson. The generalalgorithmis described
in figure 1.

Data: asetof CNFclauses z i, x 1
Result: asatisfyingtruth assignmenif found

Begin
CreatePopulation(P)
it <0
While no X
I* Selection*/
— N
Forary X,
[* Crosswer*/
— X,
[* TSimprovement*/
— , T 1
* Insertionconditionof the child */
If X , X thenreplacetheoldestX in P by Z
T~ 1 1
EndWhile
If thereexists X satisfying
thenreturnthe correspondingssignment
elsereturnNO ASSIGNMENTFOUND
End

satisfies and 1 T 1

Figurel: GASAT: generaktructure

This algorihtmcanbe adjustedby changingthe selection
function, the crosswer operatoror the local searchmethod
but alsoby modifying the insertioncondition. A variantof
the conditionusedin this algorithm could be to insertthe
child whatever its evaluationis w.r.t. thewhole population.
Sucha conditionwould bring morediversity but couldalso
disturbthe generalcorvergenceof the search. This aspect
will bediscussedn sectior4.



Crosswer Operators for SAT

We focusnow onthekey pointof our method:thecrosseer
operator A crossa@er or recombinatioroperatorasto take
into accountasmuchaspossiblethe semanticof the indi-
vidualsin orderto controlthegenerakearctprocessThere-
fore, this processhasto be designedvery preciselyif one
wantsto obtainan efficient algorithm. In the following, we
presendifferentpossiblecross@erswe have experimented.

Basicelements We first defineafunction ¢ :{0,1} —
{0,1} suchthat ¢ =z =1 =z. Thisfunctioninduceda
neighborhoodelationin & which will be usedin the taku
searchmechanisnwherethealgorithmchangedrom a con-
figurationto anotheroneby flipping oneof its bits.

We definethen a function: :S — such
thati X,i = X[« i X|i],
X, } { X[+ i X|i],

)

X, } . Thisfunction computeghe improvementob-
tainedby theflip of theit* componenbf X andis usedin
GSAT andWalksat[22, 21]. It correspondgo the gain of
the solutionaccordingto the function » (i.e. thenumber
of falseclauseswhich becometrue by flipping the atom
minusthe numberof satisfiedclausesvhich becomefalse).
The higheris the value,the betterworth the flip of the cor
respondingvariable. Remarkthatif this numberis nega-
tive thenthe numberof falseclauseswould increasdf the
flip is performed. This function inducesa natural order

on the atoms. This orderis extendedto the assign-
ments (X iff there exists a positioni suchthat

, Xl 1)

For a given SAT instancethe variablesarethe atomsof
the instanceand the clausesinduce a constraintstructure
over the variables. Therefore, while the representation
focuseson the atoms, an efficient crosseer should take
into accountthe whole structure. We proposehere seven
crosswers. Eachoperatoris a function S S§-S8
(i.e. two parentgproduceonechild). We now describehow
we constructthechild = X, . We exhibit here
three groups of crosswers correspondingto three basic
considerationsn therepresentatioandits semantics.

Family 1 Thefirst ideais to constructa child composed
from the atomshaving the bestvaluew.r.t. 4  in eachof

the parents.Sincethe higherthevalueof i s, the better
will beits flip (in termsof falseclausesdecrease\ve want

to generatea child with very promisingvariables.Thereare
two waysto achieve this: to keepalternatvely promising
atomsfrom eachof the parentsor to keepthe atomsby

blocks.We thusdefinetwo crossweroperators.

Crosswer  1: We  compute =

xi X|i,i i 1 .. We selectthe par
ent for which this maximum has beenobtained. Let us
supposedhat X . Thevalueof eachpositionin X
havingthevalue s copiedinto thecorrespondingosition
in . Now we startthe sameprocesswith 1and .
We continuewith andX andsoonuntil = 0. The
positionsin  which have recevedno valueby the previous

processarerandomlyvalued(in {0, 1} of course).

Crosswer  2: We  compute =

xi  Xl|i,i |é 1 n- We orderdecreasingly
X (resp.Y) suchthat i, ,i X|i X| . Let
ussupposeX . Wesetthen i,i  X|i —

i= ¢ Xl|i and 4,0 X|i — li=|[i

Family 2 The secondidea is to combine the Walksat
stratgy (i.e. flipping the mostpromisingposition)with the
structuresalreadyconstructed. The aim is to keepgroups
of clauseswhich are alreadysatisfiedby the two parents.
We definefour variantsof this generalconcept. The first
oneconsistan flipping the overall bestpositionw.r.t. i
andw.r.t. thetwo parentsandthenfor eachclausesatisfied
by both parentsto keepthe value of the literals which are
true accordingto both parents. The secondidea consists
in flipping atomshaving the samevalue in both parents
if theiri  valueis positive. A third possibility is again
to flip the bestoverall position and then for eachclause
satisfiedby both parentsto keep the atom appearingin
the clausewith the lowest value of ¢ (thereforethis
atomwill have lesschanceto be chosenfor a flip andthe
clauselesschanceo be violated). At last, we canalsoflip
the bestpromising atom and for eachtrue clausein both
parentswe keeptheatomsin theseclauseshaving thesame
value.Theserosswoeroperatorarepreciselydefinedoelow:

Crossaer 3: For each clause such that
X, , and for all positions i
such that the variable z appearin , we compute
=i X|i i |¢ andweset | = i X|
where is the position suchthat is maximum. For all
theclauses suchthat X, , andsuchthat

Xli= |i=1(resp.X|i= [i=0)if theatomz appear
positively (resp. negatively) in , we set |i = 1 (resp.

|¢ = 0). Thepositionsin  which have recevedno value
by the previousoperationsarerandomlyvalued.

Crosswer 4: For all positions suchthat X | = |i and
i X|i 0 i i Othen |i= i Xl|i.The
positionsin ~ which havereceivedno valueby theprevious
processarerandomlyvalued.

Crosswer b5: For each clause such that

X, , and for all positions i

such that the variable z appearsin , we compute
=i X|i i |¢ andweset | = i X|

where s thepositionsuchthat is maximum.For all the
clauses and positioni suchthat X, , if
Xli |i then [|i = X|i, otherwise |i = |i. The
positionsin  which have recevedno valueby the previous
processarerandomlyvalued.

Crossaer 6: For each clause such that

X, , and for all positions i

such that the variable z appearin , we compute
=i X|i i |i andweset | = i X|



where is the positionsuchthat is maximum. For all
theclauses suchthat X, , ,werandomly
selectX or Y andfor all positionsi suchthatthevariablez
appeain weset |i = X|ior |i = |i. Thepositions
in  which have received no value by the previous process
arerandomlyvalued.

Family 3 Thelastlonelycrossweris moreusualanddoes
not take into accountary specificityof the problem. It will
beusedonly for performancenalysis.

Crosswer 7: For all positions,
toXlior |i.

|4 is randomlyassigned

At this step, we have definedthe evolutionary part of
our algorithm. Evenif, aswe will seelater, someof the
crosswer operatorsdefinedabove are powerful enoughto
get assignmentsvhich are close to solutions,we needa
local searchprocedureto boostour algorithm. In fact, one
can considerthat the evolutionary partinsuresthe general
searchwith enough diversity to reach some promising
regions of S. Then, local searchprocesswill intensify
the searchprocessto fully exploit the region by locally
improving the configurationsin order to get a solution
if possible. Moreover, TS can also explore the search
spacealoneas a diversificationprocessthanksto the tatu
list. This schemehasbeensuccessfullyappliedto other
problems.We proposehereto improve eachchild obtained
by the previouspartof thealgorithmthanksto a tatu search
process.

Tabu Search Procedure TS is anadwancedlocal search
methodusinga memoryto avoid local optima[8]. Theprin-
ciple is quite simple: it actsasa descen{at eachiteration,
it makesthe bestmove), but oncevisited, a configuration
is madetahu, thatis, the algorithmis not allowed to visit
it againfor a given numberof iterations. Sincethe memo-
rizationof thelastconfigurationsouldbe costly, acommon
variation consistsin makingtaku only the moves. Now, a
move is doneif it is the bestoneandif it is nottalu. Once
executedthemoveis includedin thetaku list, which actsas
afixedsizeFIFO queueandis removedfrom this list after

iterations. To considerimprovementof the best-to-date
solution,thetalu constraints disabledn the caseof moves
leadingto a bettersolutionthanthe best-to-date.

In our contet, it is clear that the moves are possible
flips of the value of a given assignmentnd that the taku
list will be a list of flip index alreadyperformed. Here
the initial configurationwill be given as entry to the TS
and not generatedandomly The talu proceduremaybe
summarizedsthefunctiondescribedn figure 2.

In orderto simplify the tuning of our generalalgorithm
and to guaranteea stable behaior, we proposean auto-
matic adjustmenbf parametebasedon someexperimental
results. Therefore,in the remainingof the paper we will
simplify our TSfunctionas X, =z i

Begin
Generate randomconfiguration
Setthelist to size

While not( ) do
choose suchthat is maximalandi notin
If Then

EndlIf

remove themostancientindex from
add to

EndWhile

Return

End

Figure2: Talu Search(TS)

4 ParametersTuning

Crosswer Study

The purposeof this sectionis to evaluatethe efficiency of

the different cross@er operatorsproposedin the previous
sectionin orderto selectthe bestone. This evaluationhas
to take into accounthe mostimportantaspect®f thewhole
searchprocessandthe role of this evolution operator: the
capacityto reacha solutionandthe ability to keepenough
diversityin the population.This is the classicaltradeof be-
tweenintensificationand diversificationwhich usually oc-

curswhenonedesignssuchsearchalgorithms.

In orderto getafair evaluation,we will runthealgorithm
without the tabu searchpart(i.e. Maxflip =0) andwe insert
only childrenwhich are betterthanthe currentpopulation.
Therefore this is a purecross@er algorithmwhich is used
in thefollowing.

Thefirst criterioncanbe simply evaluatedoy considering
the bestassignmenin the populationandthe averagevalue
of the populationaccordingto v

The second criterion requires a particular measure
to evaluate the diversity of the population. A classical
approachconsistsin using the averagehammingdistance
betweertheindividuals. This correspond$o thefunction:

1: —
w =

1

Thisfunctionrequiresaquadratidime but canbereduced
toalinearcomplexity (se€[19]). We have alsoexperimented
the entrofy asa measurdor diversity but we do not recall
its definitionhere(see[2] for instance).

The following experimentsare performedon the bench-
markai n200- 1- 6- yes1- 1. cnf fromtheDimacschal-
lengeand which contains200 variables. This benchmark
is difficult for our algorithm (seethe resultsection)andno



Pair-wise Hamming distance

Figure3: Diversity

solutionis found. Therefore,it allows us to obsene pre-
ciselythe differentaspectsnentionedabore without reach-
ing quickly asolution.

Figure 3 shaws how the diversity evolvesw.r.t. the num-
ber of crosswer performed. The first family of crosseer
(1 and 2) keepsa high diversity in the populationas well
ascrosseoer 4. Note thatthesethreecross@ersdo not take
into accountthe structureof the clausedhataresatisfiedor
unsatisfiedy theparents Thereforethe constrainstructure
betweervariabless brokenandvery sparseassignmentare
generatedndinterestingregionscannotbe really explored
to reachsolution. Crosswer 5, 3 and 6 allows the search
to maintaina reasonabléliversityin the populationbut also
to concentratdo promisingareas. Thanksto the insertion
condition,therandomcrosseer 7 hasa not sobadbehavior
from this diversity point of view but doesnotallow to main-
tain a sufficient diversity. Thereforeit appearghat5 and3
areherethemostinterestingoperatorsn orderto satisfythe
tradeof betweerdiversityandcorvergence.

Fromfigure4, we canstatethatcrosseer1, 2 and4 have
againa similar bad beharior sincethey producenon con-
verging bad populations. As shown is figure 5 they can-
not reachnor improve a solution. From thesetwo points
of view crosswer 6 appearsas lessefficient than the ran-
domcrosswer 7. At last,we obsere thatcrosswers3 and
5 have a goodbehaior on the threefiguresbut crosseer 3
allows the algorithmto reachfasterinterestingregionsand
to generate bettertop solution(recallthaton this example
GASAT with its besttuningsis not ableto generatea solu-
tion). Thereforeiiguress and4 demonstrat¢hatcrosswer3
is avery powerful operatothatcouldusedasasinglesearch
methodfor SAT. This is mainly dueto its meaningfuldefi-
nition thattakesinto accountthe structureof the clausesal-
readyconstructedn the parentsaswell asthe bestpromis-
ing flip of theatoms.In thefollowing we useGASAT with
crosseer3.

Tabu List Length Adjustment

Experimentshowv thatthelengthof thetaku list depend®n
the family of benchmarksaised. In this section,we present
two family of benchmarkdrom Dimacschallengeandthe
impactof the lengthof the taku list on their resolutionby

-
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Figure4: AverageFitness

Best number of false clauses
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Figure5: BestSolution

GASAT.

We remarkon table1 thatthe length of the tatu list has
an impacton the efficiengy of the searchandis relatedto
the size of the problem. But, moreover, experimentsshaov
that,givenafamily of instancesthebestlengthadjustement
computedon one or two of themis often efficient for the
wholefamily.

Insertion Condition

Thefollowing two figures6 and7 show theinfluenceof the
insertioncondition on the results. Theseexperimentscor-
respondto the benchmarkai n200- 1- 6- yes1- 1. cnf
with crosseer 3 and a good taku list length. The upper
line representshe averagefitnessof the populationwhile
thelower line standgor thevalueof the bestindividual.

Figure7 highlightsthefactthatif the child is re-inserted
in the populationonly if it is betterthanthe selectegparents
(whicharealreadythe bestmemberf thepopulation) then
it allows a quicker corvergenceo a bestaveragepopulation
anda bettertop solution. Thereforethis insertioncondition
will beselectedor thefollowing experiments.

5 Experimental and Comparative Results

In this section,we evaluatethe performanceof GASAT on
severalclasse®of SAT instancesandcomparet with Walk-
sat,oneof thewell-known incompletealgorithmsfor SAT.



Benchmarks GASAT
instances | var]| cls [[leng.| % | sec.
20 100 | 0.438
aim-50-1_6-yes1-1| 50 | 80 25 100 | 0.291
30 100 | 0.352
25 100 | 0.128
aim-50-1_6-yes1-4| 50 | 80 30 100 | 0.088
35 100 | 0.138
15 8 3.363
aim-100-2_0-yes1-2 100 | 200 30 74 3.447
50 62 4.447
15 26 1.825
aim-100-2_0-yes1-3 100 | 200 30 98 1.952
50 84 2.356
45 | 6.38 | 11.74
par8-2 350 | 1157 | 150 | 23.53| 11.86
250 | 19.15]| 4.786
45 | 2.13 | 25.08
par8-3 350 | 1171 || 150 | 21.28| 13.558
250 | 14.89| 9.471

Tablel: Taku List Tuning
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Figure6: Insertionin ary case
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Figure7: Insertionif betterthantheselectecharents

Experimental Conditions

In thissectionwe evaluatethefollowing GASAT algorithm:
e Populationsize: 100individuals,
e Crossweeroperator.cross@er number3,

e Selectionfunction: ,1 ,i.e. the15 bestdiffer-
entindividualsareselectedor eachgeneration.

It is known thattheresultof anincompletealgorithmmay
be improved by fine tuning someparameters.In orderto
avoid sucha bias introducedby fine tuning, we will run
GASAT and Walksatwith a setof predefinedparameters.
Exceptstatedotherwise for GASAT, we will allow a maxi-
mumof 500crosseersand10 flipsfor eachcrosswer. The
tahu list is fixedto be 20 percenbf thelengthof theindivid-
uals.For Walksat,therandomwalk probabilityis fixedto be
50, assuggesteth theliterature togethemith maxtries=10
andmaxflips=10 .

Benchmark Instancesand Evaluation Criterions

Threeclasse®f satisfiableSAT instancesirechosen:

e DIMACS challenge: ai m50, aim 100 and
parity-8 which are known to be hard for incom-
plete solvers thoughthey are easyfor some complete
solvers.

e Largerandom3-SAT instancestthetransitionphasg18]
which becomeintractablefor completesolversfrom 900
variablesand for which Walksathasremarkableperfor
mances.

¢ Ten“challengingbenchmarksfrom thewebsite[23] for
which completeSAT solwversfailedto find solutions.

Given the incompleteand non deterministic nature of
GASAT andWalksat,eachalgorithmis run50timeson each
benchmarknstance.

Two criterionsareusedto evaluateGASAT andcompare
it with Walksat. The first oneis the succesgsate which is
the numberof successfutunsdivided by the total number
of runs. This criterion is the mostimportantone sinceit
correspondso the searchpower of analgorithm. The sec-
ondcriterionis theaveragerunningtime for successfutuns,
measur@naPCrunningLinux (Bi-Pentiumlll 1 Ghz,1Go
RAM)?

Compariti ve Resultson DIMA CS Instances

Tables2,3,4show theresultsof GASAT andWalksatonthe
choserDIMA CSinstances.

Fromtables2,3,4,we may make the following remarks.
First, GASAT finds solutionsfor 23 instancesout of 26
while Walksatfinds solutionsfor 18 instances.Secondfor
theinstancedor which both GASAT andWalksatfind a so-
lution, GASAT hasa highersuccesgate over 5 instances.

The versionof Walksatusedis v39. GASAT is implemented
in C andusessomefunctionsof Walksat.



| Benchmarks | GASAT [ Walksat |
ref. var| cls || % | sec. || % | sec.
1-6-yes1-1] 50 | 80 [[ 100 | 0.291] 6 | 0.83
1-6-yes1-2| 50 | 80 6 | 1.590] O -
1-6-yes1-3] 50 [ 80 || 100 | 0.902] 22 | 0.826
1-6-yes1-4] 50 | 80 || 100 | 0.154] 6 | 0.863
2-0-yes1-1] 50 | 100 || 68 | 2.225] 8 | 0.548
2-0-yes1-2| 50 | 100 || 100 | 0.012] 100 | 0.203
2-0-yes1-3| 50 | 100 || 100 | 0.036] 100 | 0.646
2-0-yes1-4[ 50 | 100 || 100 | 0.013] 100 | 0.520
Table2: aim 50
| Benchmarks | GASAT | Walksat |
ref. var | cls | % | sec. || % | sec.
1-6-yes1-1] 100 | 160 | 2 | 2.840| O | -
1-6-yes1-2| 100 | 160 O - 0] -
1-6-yes1-3| 100 | 160 || O - 0] -
1-6-yes1-4| 100 | 160 O - 0] -
2-0-yes1-1] 100 | 200 || 10 | 1.712]] O | -
2-0-yes1-2| 100 | 200 || 74| 3.447] 0 | -
2-0-yes1-3| 100 | 200 || 98 | 1.952]| 0 | -
2-0-yes1-4[ 100 | 200 || 18 | 7.346] 0 | -
Table3: aim 100
| Benchmarks || GASAT || Walksat |
ref. | var | cls % sec. % | sec.
l-c| 64 | 254 || 100 | 0.028 || 100 | 0.119
1 | 350 1149]| 17.02] 8904 || O -
2-c| 68 | 270 || 100 | 0.046 || 100 | 0.176
2 | 350] 1157 25.53] 1186 | O -
3-c| 75| 298 || 100 | 0.068 | 100 | 0.407
3 | 350 1171 21.28] 13.558] 2 | 1.120
4-c| 67 | 266 || 100 | 0.398 || 100 | 0.475
4 | 350| 1155 15.22| 14.033]| 0 -
5-c| 75 | 298 96 | 0.604 || 100 | 0.378
5 [350] 1171 21.74] 11.781|| O -
Table4: Parity 8

Third, the runningtimesfor the two algorithmsare some-
whatcomparableandshov no dominanceof onealgorithm
overtheother

This experimentconfirmsonceagaintheai mfamilly re-
mainsdifficult for incompletesolvers due to somespecial
structuref theseinstances.

Comparitive Resultson Random 3-SAT Instances

Table5 shownstheresultsof GASAT andWalksaton random
instanceattransitionphasgnumberof-clauses/numbeof-
variables= 4.25). We generaté0 or 20 instancedor each
classeof instances. For theseinstanceswe increasethe
searcheffort of GASAT andWalksatto allow themto reach
amaximumof 10 flips. For eachclass,we reportin per
centagethe numberof satisfiableinstancesound by each
algorithmandthe averagecomputingtime.

Instances GASAT Walksat
var. [ nbins. || % | sec. || % | sec.
400 50 46| 8.261 || 46| 2.239
600 50 42| 22.104 || 48| 4.910
800 | 50 [ 36| 30.620 || 46 | 8.002
1000| 20 35| 32.669 || 35| 6.260
1200 20 20 | 152.845] 40 | 13.350
1400 20 [ 20 [ 123.988] 45| 14.880
1600 20 15| 72.237 || 35| 14.060
1800 20 10 | 143.740]| 40 | 19.490
2000 20 10 | 105.620] 35| 19.170

Table5: Random-3-SA instances

Fromtable5, we noticethat GASAT and WalkSAT ob-
tainssimilar resultsfor instancef 400to 1000variables.
For larger instances,Walksat finds more solutions than
GASAT doeswith ashortertime. This confirmsonceagain
theremarkablepower of Walksaton randominstances.

Comparitive Resultson “Challenging” Benchmarks

Table 6 shows the resultsof GASAT and Walksaton the
tenbenchmarks$or which completesolversfail to find solu-
tions.

Fromtable 6, oneobsenesthat GASAT managedo find
solutionsfor 5 instanceswvhile Walksatsolves4. Oneno-
ticesthatg250.15 thoughit is large,is in factvery easyfor
GASAT andWalksat. For the two large randominstances
f1000 and 2000, Walksathasa higher succesgate. This
obsenationremainsconsistentith the previous expriment
onrandominstances.

For the 5 instanceswhich arenot solved by GASAT and
Walksat,we indicatein parenthesishe numberof unsatis-
fied clausesof the bestsolution found by eachalgorithm.
We obsenethat GASAT findsin generakhssignmentwhich
satisfymoreclausegshanWalksatdoes.



Benchmarks | GASAT [ Walksat |
instances var cls % sec. % sec.
cnf-rd-b1-k1.1-conp | 2424 | 14812 || (12) - (36) -
cnf-r4-b1-k1.2-conp | 2424 | 14812 || (13) - (34) -
gl25.17 2125| 66272 4 274.7 - -
g125.18 2250 | 70163 98 92.4 2 381.4
0250.15 3750 | 233965|| 100 | 27.6 100 | 13.9
0250.29 7250 | 454622 (2) - (34) -
par32-5-c 1339 5350 (5) - (123) -
par32-5 3176 | 10325 || (16) - (182) -
f1000 1000 | 4250 | 90.9| 189.5 100 8.8
f2000 2000| 8500 || 50.9| 2851.8| 86 21.1

Table6: Large SAT-encodedsraphColoringinstances LargeRandom-3-SA instances

6 Conclusion

We have introducedin this paperGASAT, anew hybrid ge-
netic algorithmfor SAT. This algorithmrelieson a combi-
nationof a problemspecificcrosswer operator anda Taku
Searchprocedure. Seven differentcrossaer operatorsare
proposedandstudied. The mostinterestingonesarebased
on the basicprinciple of handingdown good propertirsto
next generations.This is achievzedin GASAT by carefully
taking into accountclausesatisactionin its recombination
mechanism.

GASAT hasbeenevaluatedon a variety of well-known
benchmarksncludingten“challenginginstances’andvery
large randominstances GASAT hasshovn competitive re-
sultscomparedvith Walksat.

The work presentedis a preliminary study Many
improvementswould be possibleboth for the evolutionary
part and the Talu Searchprocedure. We hope suchim-
provementsvould boostthe performancef GASAT.
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