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Abstract : Thispaperintroducesahybridgeneticalgorithm
for the satisfiabilityproblem(SAT). This algorithm,called
GASAT, incorporateslocal searchwithin thegeneticframe-
work. GASAT relayson a problemspecificcrossover op-
eratorto createnew solutions,that are improvedby a tabu
searchprocedure.The performanceof GASAT is assessed
usinga setof well-known benchmarks.Comparisonswith
state-of-the-artSAT algorithms show that GASAT gives
competitiveresults.

1 Intr oduction

The satisfiabilityproblem(SAT) [7] is of greatimportance
bothin theoryandin practice.Thestatementof theproblem
is very simple. Givena well-formedBooleanexpressionE,
is therea truth assignmentthat satisfiesit? In theory, SAT
is oneof thesix basiccoreNP-completeproblems.In prac-
tice, many applicationssuchasVLSI testandverification,
consistency maintenance,fault diagnosis,planningand so
on canbe formulatedwith SAT. SAT is originally statedas
a decisionproblem.In practice,onemaytake aninterestin
otherrelatedSAT problems.We canmention,for instance:� model-finding:to find satisfyingtruth assignments� MAX-SAT: to find anassignmentwhichsatisfiesthemax-

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 enlargedconsider-
ably our capacityof solvinglargeSAT instances.Theinter-
nationalchallengesorganizedtheseyearscontinueto boost
theworldwideresearchonSAT.

Existingalgorithmsfor SAT areeithercompleteor incom-
plete. A completealgorithm is designedto solve the ini-
tial decisionproblemwhile an incompletealgorithm aims
at finding satisfying assignments(model-finding). The
mostpowerful completealgorithmsarebasedon theDavis-
Putnam-Loveland procedure[3]. They differ essentially
by the underlying heuristic used for the branchingrule
[16, 27, 4]. Specifictechniquessuchassymmetry-breaking,
backbonedetectingor equivalenceeliminationarealsoused

to reinforcethesealgorithms[1, 15, 5]. Noticethatthereare
alsocompletealgorithmsusingapproachessuchas0/1 lin-
earprogramming[12], Lagrangianrelaxation[25] andcon-
straintpropagationwith no-goodrecording[14].

Existing incompletealgorithmsfor SAT arebasedon lo-
calsearch[24, 26] andevolutionaryalgorithms[13, 11, 2, 6,
17]. The very simplehill-climber Gsat[22] andits power-
ful variantWalksat[21] arefamousexamplesof incomplete
algorithms. Thoughincompletealgorithmsare little help-
ful for unsatisfiableinstances,they representtheuniqueap-
proachfor finding modelsof very large instances.Among
theseincompletealgorithms, Walksat seemsto dominate
the otheralgorithmsover a largenumberof benchmarkin-
stances.

A currenttrendfor designingmorepowerful algorithms
consistsin combiningin someway the bestelementsfrom
differentapproaches,leadingto hybrid algorithms. This is
for instancewhatZchaff accomplishes[20].

In thispaper, wepresentGASAT, anew hybridalgorithm
embeddinga tabu searchprocedureinto the evolutionary
framework. At a very high level, GASAT sharessomesim-
ilarities with thehybrid algorithmproposedin [2]. GASAT
distinguishesitself by the introductionof original andspe-
cializedcrossover operators,a powerful Tabu Search(TS)
algorithmandtheinteractionbetweentheseoperators.

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 is thenassessedonalargerangeof well-knownSAT
instancesandcomparedwith thewell-known Walksatalgo-
rithm. We show thusGASAT competesfavorablywith this
stateof the art algorithm. Futureextensionsandimprove-
mentsarediscussedin thelastsection.

2 BasicComponents

As mentionedin the introduction,thepurposeof this paper
is to designa new algorithm for SAT by combininglocal
searchand evolutionary concepts. In this section,we de-
finesomebasicnotionsandnotationsrelatedto evolutionary
computation,local searchandpropositionallogic.



The SAT problem

An instanceof the SAT problem is defined by a set of
booleanvariables(alsocalledatoms)
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a booleanformula ��� ����
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. A literal is a vari-

able or its negation. A clauseis a disjunctionof literals.
The formula � is in conjunctive normalform (CNF) if it is
a conjunctionof clauses.A (truth) assignmentis a function� � � � ����

���

. Theformulais saidto besatisfiableif there
exists an assignmentsatisfying1 � andunsatisfiableother-
wise. In thispaper, � is supposedto bein CNF.

Our searchmethodrelies on the managementof a pop-
ulation of configurationsrepresentingpotential solutions.
Therefore,wepresentnow thebasicmaterialsfor thispopu-
lation.

Representation

Themostobviousway to representan individual for a SAT
instancewith  variablesisastringof  bitswhereeachvari-
ableis associatedto onebit. Otherrepresentationschemes
arediscussedin [9]. Thereforethe searchspaceis the set! �"���$#%��� �

(i.e. all the possiblestringsof  bits) andan
individual & obviously correspondsto anassignment.& # '
denotesthe the truth valueof the

')(+*
atomand &-, '/.1032

denotesanindividual & wherethe
' (+*

atomhasbeensetto
the value

0
. Givenan individual & anda clause4 , we use5�687:9 & 
 4
; to denotethe fact that the assignmentassociated

to & satisfiestheclause4 .
Fitnessfunction

Givena formula � andan individual & , thefitnessof & is
definedto be the numberof clauseswhich arenot satisfied
by & .<=�>6>? � ! �A@ B
<��86>?C9 &�; � 4 68D�E�9 � 4 # F 5=687:9 & 
 4
;3GH4JIK� � ;
where 4 68DLE denotesasusualthe cardinalityof a set. This
fitnessfunctionwill beusedin theselectionprocessandin-
duceanorderon thepopulation.

SelectionProcess

The selectionoperatoris a function which takesasinput a
given populationand extractssomeindividuals according
to a selectioncriterion. Theseselectedindividualsare the
chosenparentsfor theevolution processandwill evolve by
crossoveroperations.To insureanefficientsearch,it is nec-
essaryto keepsomediversityin thepopulation.Actually, if
theselectedparentsaretoo close,someregionof thesearch
space

!
will not be explored. The diversityof the selected

populationis achieved by introducing the notion of ham-
ming distance[10] betweenstringsof bits. This distance
correspondssimply to thenumberof differentbits between
two stringsandcanbedefinedhereas:M 6ON � !QPH! �R@ B
M 6ONS9 & 
CT ; � 4 68DLE$9 � & # ' IU& # & # 'WV�QTU# 'X� ;

1This notion of satisfiability is definedaccordingto the well-
known propertiesof logical connectorsin propositionallogic.

Therefore we define the function 5�<�?+< 4 7 �ZYL[ P @ B P@ B � YL[ such that 5=<�?\< 4 7:9+] 
  
 E ; is the set of the  
best & in ] accordingto <��86>? and such that ^�& 
CT I5=<�?\< 4 7:9+] 
  
 E ; 
 M 68N_9 & 
CT ;a` E .

3 The Hybrid GeneticAlgorithm: GASAT

The GASAT Algorithm

The final algorithm is obtainedby combininga crossover
stagewith a local searchimprovement. Given an initial
population, the first step consists in selecting its best
elements(i.e. assignments)w.r.t. the function <��86>? . Then,
crossoversareperformedon this selectedpopulation.Each
child is individually improvedthanksto tabu search.If the
improvedchild is betterthantheassignmentsalreadyin the
populationthenit is addedto thecurrentpopulationandthe
wholeprocessgoeson. Thegeneralalgorithmis described
in figure1.

Data: a setof CNFclausesb , c 6 ��d ? 'fe , c 6 � 7gD ' <�5
Result: asatisfyingtruth assignmentif found

Begin
CreatePopulation(P)7gD ' <L5 .h�
While no &iI ] satisfiesb and 7gD ' <�5kj c 6 � 7gD ' <L5
/* Selection*/]ml .An <�?+< 4 7:9\] 
  3;

For any & 
CT I ]ml
/* Crossover*/op. 4 DLq�5�5O9 & 
CT ;
/* TS improvement*/op.ir 6tsZuv9 ow
 c 6 ��d ? '�e ;
/* Insertionconditionof thechild */

If ^�&iI ] 
xozy|{g}:~Z� & thenreplacetheoldestX in P by Z7gD ' <L5 . 7gD ' <L5�� �
EndWhile
If thereexists &�I ] satisfyingb

thenreturnthecorrespondingassignment
elsereturnNO ASSIGNMENTFOUND

End

Figure1: GASAT: generalstructure

This algorihtmcanbeadjustedby changingtheselection
function, the crossover operatoror the local searchmethod
but alsoby modifying the insertioncondition. A variantof
the conditionusedin this algorithm could be to insert the
child whatever its evaluationis w.r.t. thewholepopulation.
Sucha conditionwould bring morediversitybut couldalso
disturbthe generalconvergenceof the search.This aspect
will bediscussedin section4.



Crossover Operators for SAT

Wefocusnow onthekey pointof ourmethod:thecrossover
operator. A crossoveror recombinationoperatorhasto take
into accountasmuchaspossiblethesemanticsof the indi-
vidualsin orderto controlthegeneralsearchprocess.There-
fore, this processhasto be designedvery preciselyif one
wantsto obtainanefficient algorithm. In thefollowing, we
presentdifferentpossiblecrossoverswehaveexperimented.

Basicelements We first definea function
d ? 'fe � ����
=��� �����

���

suchthat
d ? 'fe 9 � ; ���J���

. This function induceda
neighborhoodrelation in

!
which will be usedin the tabu

searchmechanismwherethealgorithmchangesfrom acon-
figurationto anotheroneby flipping oneof its bits.

We define then a function
' N e � !�P @ B � @ B

such
that

' N e 9 & 
�' ; � 4 68D�E�9 � 4 # 5�687:9 &�, '�.�d ? 'fe 9 & # ' ; 2)
 4=;�GF 5�687:9 & 
 4
; � ; � 4 6ODLE�9 � 4 #WF 5�687:9 &�, 'H.�d ? 'fe 9 & # ' ; 2)
 4
;�G5�687:9 & 
 4
; � ; . This function computesthe improvementob-
tainedby theflip of the

' (+*
componentof & andis usedin

GSAT andWalksat[22, 21]. It correspondsto the gain of
thesolutionaccordingto thefunction <��86>? (i.e. thenumber
of falseclauseswhich becometrue by flipping the atom

'
minusthenumberof satisfiedclauseswhich becomefalse).
Thehigheris thevalue,thebetterworth theflip of thecor-
respondingvariable. Remarkthat if this numberis nega-
tive thenthe numberof falseclauseswould increaseif the
flip is performed. This function inducesa natural orderyw�����

on the atoms. This order is extendedto the assign-
ments( & y ����� T

if f thereexists a position
'

such that^t� 
 & # '�y ����� T�# � ).
For a givenSAT instance,the variablesarethe atomsof

the instanceand the clausesinducea constraintstructure
over the variables. Therefore, while the representation
focuseson the atoms, an efficient crossover should take
into accountthe whole structure. We proposehereseven
crossovers. Eachoperatoris a function 4 DLq�5�5 � !�PK! � !
(i.e. two parentsproduceonechild). We now describehow
we constructthe child � � 4 DLq�5�589 & 
CT ; . We exhibit here
three groups of crossovers correspondingto three basic
considerationson therepresentationandits semantics.

Family 1 The first idea is to constructa child composed
from the atomshaving the bestvaluew.r.t.

' N e in eachof
theparents.Sincethehigherthevalueof

' N e is, thebetter
will beits flip (in termsof falseclausesdecrease),we want
to generatea child with very promisingvariables.Thereare
two ways to achieve this: to keepalternatively promising
atomsfrom eachof the parentsor to keep the atomsby
blocks.We thusdefinetwo crossoveroperators.

Crossover 1: We compute N �N�6 � 9 ' N e 9 & # ' ; 
C' N e 9 T�# ' ;C; �+�t� �Z��� ��� . We select the par-
ent for which this maximum has beenobtained. Let us
supposethat & yw�����UT

. The valueof eachpositionin &
having thevalueN is copiedinto thecorrespondingposition
in � . Now we start the sameprocesswith N ���

and
T

.
We continuewith N � Y and & andsoon until N �Q�

. The
positionsin � whichhavereceivednovalueby theprevious

processarerandomlyvalued(in
����

���

of course).

Crossover 2: We compute N �NU6 � 9 ' N e 9 & # ' ; 
�' N e 9 T�# ' ;�; ���t� �x��� ��� . We orderdecreasingly& (resp. Y) suchthat ^ 'Z
 � 
C' j ����& # 'kyw����� & # � . Let
ussuppose& y ����� T

. We setthen ^ 'X
C' N e 9 & # ' ; y � � �� # '�� d ? 'fe 9 & # ' ; and ^ 'Z
�' N e 9 & # ' ;�¡ � � �h� # 'v�QTU# ' .
Family 2 The secondidea is to combine the Walksat
strategy (i.e. flipping themostpromisingposition)with the
structuresalreadyconstructed.The aim is to keepgroups
of clauseswhich are alreadysatisfiedby the two parents.
We definefour variantsof this generalconcept. The first
oneconsistsin flipping the overall bestpositionw.r.t.

' N e
andw.r.t. the two parentsandthenfor eachclausesatisfied
by both parents,to keepthe valueof the literals which are
true accordingto both parents. The secondidea consists
in flipping atomshaving the samevalue in both parents
if their

' N e value is positive. A third possibility is again
to flip the best overall position and then for eachclause
satisfiedby both parentsto keep the atom appearingin
the clausewith the lowest value of

' N e (thereforethis
atomwill have lesschanceto be chosenfor a flip and the
clauselesschanceto beviolated). At last,we canalsoflip
the bestpromisingatom and for eachtrue clausein both
parents,we keeptheatomsin theseclauseshaving thesame
value.Thesecrossoveroperatorsarepreciselydefinedbelow:

Crossover 3: For each clause 4 such thatF 5=687:9 & 
 4
;�G F 5�6O7:9 T�
 4
; and for all positions
'

such that the variable
�$�

appear in 4 , we compute¢ �£' N e 9 & # ' ; � ' N e 9 T�# ' ; andwe set � # ¤��¥d ? 'fe 9 & # ¤ ;
where

¤
is the position suchthat ¢ is maximum. For all

the clauses4 suchthat 5�6O7:9 & 
 4=;�G 5�687:9 T�
 4
; andsuchthat& # 'v�QTH# 'v�¦� (resp. & # '��pT�# 'v�p� ) if theatom
�$�

appear
positively (resp. negatively) in 4 , we set � # '§�¨�

(resp.� # '���� ). Thepositionsin � which have receivedno value
by thepreviousoperationsarerandomlyvalued.

Crossover 4: For all position
'

suchthat & # '©��TH# ' and' N e 9 & # ' ; yª� G ' N e 9 T�# ' ; y«� then � # '��pd ? '�e 9 & # ' ; . The
positionsin � whichhavereceivednovalueby theprevious
processarerandomlyvalued.

Crossover 5: For each clause 4 such thatF 5=687:9 & 
 4
;�G F 5�6O7:9 T�
 4
; and for all positions
'

such that the variable
� �

appears in 4 , we compute¢ �£' N e 9 & # ' ; � ' N e 9 T�# ' ; andwe set � # ¤��¥d ? 'fe 9 & # ¤ ;
where

¤
is thepositionsuchthat ¢ is maximum.For all the

clauses4 andposition
'

suchthat 5=687:9 & 
 4
;�G 5�687:9 T�
 4
; , if& # ' j ������TH# ' then � # '|� & # ' , otherwise� # 'W�¬TH# ' . The
positionsin � whichhavereceivednovalueby theprevious
processarerandomlyvalued.

Crossover 6: For each clause 4 such thatF 5=687:9 & 
 4
;�G F 5�6O7:9 T�
 4
; and for all positions
'

such that the variable
�$�

appear in 4 , we compute¢ �£' N e 9 & # ' ; � ' N e 9 T�# ' ; andwe set � # ¤��¥d ? 'fe 9 & # ¤ ;



where
¤

is the position suchthat ¢ is maximum. For all
theclauses­ 4 suchthat 5�687:9 & 
 4
;®G 5�687:9 T�
 4
; , we randomly
selectX or Y andfor all positions

'
suchthatthevariable

� �
appearin 4 we set � # '|� & # ' or � # '|�¬T�# ' . Thepositions
in � which have receivedno valueby thepreviousprocess
arerandomlyvalued.

Family 3 Thelastlonelycrossover is moreusualanddoes
not take into accountany specificityof theproblem.It will
beusedonly for performanceanalysis.

Crossover 7: For all position
'
, � # ' is randomlyassigned

to & # ' or
TH# '

.

At this step, we have definedthe evolutionary part of
our algorithm. Even if, as we will seelater, someof the
crossover operatorsdefinedabove are powerful enoughto
get assignmentswhich are close to solutions,we needa
local searchprocedureto boostour algorithm. In fact, one
canconsiderthat the evolutionarypart insuresthe general
search with enough diversity to reach some promising
regions of

!
. 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
spacealoneasa diversificationprocessthanksto the tabu
list. This schemehasbeensuccessfullyapplied to other
problems.We proposehereto improve eachchild obtained
by thepreviouspartof thealgorithmthanksto a tabu search
process.

Tabu Search Procedure TS is an advancedlocal search
methodusingamemoryto avoid localoptima[8]. Theprin-
ciple is quite simple: it actsasa descent(at eachiteration,
it makes the bestmove), but oncevisited, a configuration
is madetabu, that is, the algorithm is not allowed to visit
it againfor a givennumberof iterations.Sincethe memo-
rizationof thelastconfigurationscouldbecostly, acommon
variationconsistsin makingtabu only the moves. Now, a
move is doneif it is thebestoneandif it is not tabu. Once
executed,themoveis includedin thetabu list, whichactsas
a fixedsizeFIFO queue,andis removedfrom this list after¯

iterations. To considerimprovementof the best-to-date
solution,thetabu constraintis disabledin thecaseof moves
leadingto abettersolutionthanthebest-to-date.

In our context, it is clear that the moves are possible
flips of the value of a given assignmentand that the tabu
list will be a list of flip index alreadyperformed. Here
the initial configurationwill be given as entry to the TS
and not generatedrandomly. The tabu proceduremaybe
summarizedasthefunctiondescribedin figure2.

In order to simplify the tuning of our generalalgorithm
and to guaranteea stablebehavior, we proposean auto-
maticadjustmentof parameterbasedon someexperimental
results. Therefore,in the remainingof the paper, we will
simplify ourTS functionas

r°n 9 & 
 c 6 ��d ? 'fe ; .

±a²�³´²Kµ�¶ ·£µ¸¶ ·�¹£º±a²v»½¼¿¾´À$¾´Á�Â�Ã�Ä>Å�ÆÈÇ�É®Ê
Begin
Generatea randomconfiguration

¼ÌË
Setthelist Í Â�ÎXÏ to size

ÀÐ|Ñ
Ò Í®Ó ¼Ô ÎZÄ>Å�ÆÈÇ ÓÖÕ
While not (

Ñx×LÂ�ÅØ»�Ð|Ñ
Ò Í É	Ê Õ�Ù Ô ÎxÄ>Å�ÆÈÇÛÚ_Á�Â�Ã�Ä>Å�Æ%Ç ) do
choose

Æ
suchthat

Æ�ÜJÇ	»½¼KÝ Æ\É
is maximalandi not in Í Â�ÎCÏ

If
Ñ:×LÂ�ÅØ»½¼UÞ Æ Ó Ä>Å�ÆÈÇ	»½¼�Ý Æ\É\ß�É�à�Ñx×LÂ�ÅØ»�Ð|Ñ=Ò Í É ThenÐ°Ñ
Ò Í3Ó ¼UÞ Æ Ó Ä>Å�ÆÈÇ	»½¼�Ý Æ\É\ßÔ ÎZÄ>Å�ÆÈÇ Ó Ô ÎxÄ>Å�ÆÈÇJáãâ

EndIf¼ Ó ¼UÞ Æ Ó Ä>Å�ÆÈÇ	»½¼�Ý Æ\É\ß
remove themostancientindex from Í Â�ÎCÏ
add

Æ
to Í Â�ÎXÏ

EndWhile
Return

Ð|Ñ=Ò Í
End

Figure2: Tabu Search(TS)

4 ParametersTuning

Crossover Study

The purposeof this sectionis to evaluatethe efficiency of
the different crossover operatorsproposedin the previous
sectionin orderto selectthe bestone. This evaluationhas
to take into accountthemostimportantaspectsof thewhole
searchprocessand the role of this evolution operator: the
capacityto reacha solutionandthe ability to keepenough
diversityin thepopulation.This is theclassicaltradeoff be-
tweenintensificationanddiversificationwhich usually oc-
curswhenonedesignssuchsearchalgorithms.

In orderto geta fair evaluation,wewill run thealgorithm
without thetabu searchpart (i.e. Maxflip =0) andwe insert
only childrenwhich arebetterthanthe currentpopulation.
Therefore,this is a purecrossover algorithmwhich is used
in thefollowing.

Thefirst criterioncanbesimplyevaluatedby considering
thebestassignmentin thepopulationandtheaveragevalue
of thepopulationaccordingto <��86>? .

The second criterion requires a particular measure
to evaluate the diversity of the population. A classical
approachconsistsin using the averagehammingdistance
betweentheindividuals.Thiscorrespondsto thefunction:

E ' � �ZYL[ �R@ ä
E ' �	9+] ; ��å�æ�ç
è�å$é ç
è�ê æ�ëì é * ~x�°í�îaï ð�ñò ~xóXô=í�õ®ñ)í ò ~xóZô=í�õ®ñgö � ñ

Thisfunctionrequiresaquadratictimebut canbereduced
to alinearcomplexity (see[19]). Wehavealsoexperimented
the entropy asa measurefor diversity but we do not recall
its definitionhere(see[2] for instance).

The following experimentsareperformedon the bench-
markaim200-1-6-yes1-1.cnf from theDimacschal-
lengeand which contains200 variables. This benchmark
is difficult for our algorithm(seethe resultsection)andno
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Figure3: Diversity

solution is found. Therefore,it allows us to observe pre-
cisely thedifferentaspectsmentionedabovewithout reach-
ing quickly asolution.

Figure3 shows how thediversityevolvesw.r.t. thenum-
ber of crossover performed. The first family of crossover
(1 and2) keepsa high diversity in the populationas well
ascrossover 4. Note that thesethreecrossoversdo not take
into accountthestructureof theclausesthataresatisfiedor
unsatisfiedby theparents.Thereforetheconstraintstructure
betweenvariablesis brokenandverysparseassignmentsare
generatedandinterestingregionscannotbe really explored
to reachsolution. Crossover 5, 3 and6 allows the search
to maintaina reasonablediversityin thepopulationbut also
to concentrateto promisingareas.Thanksto the insertion
condition,therandomcrossover7 hasanot sobadbehavior
from thisdiversitypointof view but doesnotallow to main-
tain a sufficient diversity. Thereforeit appearsthat5 and3
areherethemostinterestingoperatorsin orderto satisfythe
tradeoff betweendiversityandconvergence.

Fromfigure4, wecanstatethatcrossover1, 2 and4 have
againa similar bad behavior sincethey producenon con-
verging bad populations. As shown is figure 5 they can-
not reachnor improve a solution. From thesetwo points
of view crossover 6 appearsas lessefficient than the ran-
domcrossover 7. At last,we observe thatcrossovers3 and
5 have a goodbehavior on the threefiguresbut crossover 3
allows the algorithmto reachfasterinterestingregionsand
to generatea bettertop solution(recall thaton this example
GASAT with its besttuningsis not ableto generatea solu-
tion). Thereforefigures5 and4 demonstratethatcrossover3
is averypowerful operatorthatcouldusedasasinglesearch
methodfor SAT. This is mainly dueto its meaningfuldefi-
nition that takesinto accountthestructureof theclausesal-
readyconstructedin theparentsaswell asthebestpromis-
ing flip of theatoms.In thefollowing we useGASAT with
crossover3.

Tabu List Length Adjustment

Experimentsshow thatthelengthof thetabu list dependson
the family of benchmarksused. In this section,we present
two family of benchmarksfrom Dimacschallengeandthe
impactof the lengthof the tabu list on their resolutionby
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Figure5: BestSolution

GASAT.
We remarkon table1 that the lengthof the tabu list has

an impacton the efficiency of the searchand is relatedto
the sizeof the problem. But, moreover, experimentsshow
that,givenafamily of instances,thebestlengthadjustement
computedon oneor two of them is often efficient for the
wholefamily.

Insertion Condition

Thefollowing two figures6 and7 show theinfluenceof the
insertionconditionon the results. Theseexperimentscor-
respondto the benchmarkaim200-1-6-yes1-1.cnf
with crossover 3 and a good tabu list length. The upper
line representsthe averagefitnessof the populationwhile
thelower line standsfor thevalueof thebestindividual.

Figure7 highlightsthefact that if thechild is re-inserted
in thepopulationonly if it is betterthantheselectedparents
(whicharealreadythebestmembersof thepopulation),then
it allowsaquickerconvergenceto abestaveragepopulation
anda bettertop solution. Thereforethis insertioncondition
will beselectedfor thefollowing experiments.

5 Experimental and ComparativeResults

In this section,we evaluatethe performanceof GASAT on
severalclassesof SAT instancesandcompareit 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

Table1: Tabu List Tuning

10

15

20

25

30

35

40

45

0 100 200 300 400 500 600 700 800 900 1000

Figure6: Insertionin any case

5

10

15

20

25

30

35

40

45

0 100 200 300 400 500 600 700 800 900 1000

Figure7: Insertionif betterthantheselectedparents

Experimental Conditions

In thissection,weevaluatethefollowingGASAT algorithm:� Populationsize:100individuals,� Crossoveroperator:crossovernumber3,� Selectionfunction: 5=<�?\< 4 7:9+] 

��ú ; , i.e. the15 bestdiffer-
entindividualsareselectedfor eachgeneration.

It is known thattheresultof anincompletealgorithmmay
be improved by fine tuning someparameters.In order to
avoid such a bias introducedby fine tuning, we will run
GASAT and Walksatwith a set of predefinedparameters.
Exceptstatedotherwise,for GASAT, we will allow a maxi-
mumof 500crossoversand

����û
flips for eachcrossover. The

tabu list is fixedto be20percentof thelengthof theindivid-
uals.For Walksat,therandomwalk probabilityis fixedto be
50,assuggestedin theliterature,togetherwith maxtries=10
andmaxflips=

����ü
.

Benchmark Instancesand Evaluation Criterions

Threeclassesof satisfiableSAT instancesarechosen:� DIMACS challenge: aim-50, aim-100 and
parity-8 which are known to be hard for incom-
plete solvers though they are easy for some complete
solvers.� Largerandom3-SAT instancesatthetransitionphase[18]
which becomeintractablefor completesolversfrom 900
variablesand for which Walksathasremarkableperfor-
mances.� Ten“challengingbenchmarks”from thewebsite[23] for
whichcompleteSAT solversfailedto find solutions.

Given the incompleteand non deterministicnature of
GASAT andWalksat,eachalgorithmis run50timesoneach
benchmarkinstance.

Two criterionsareusedto evaluateGASAT andcompare
it with Walksat. The first one is the successratewhich is
the numberof successfulrunsdivided by the total number
of runs. This criterion is the most importantone sinceit
correspondsto the searchpower of an algorithm. The sec-
ondcriterionis theaveragerunningtimefor successfulruns,
measureonaPCrunningLinux (Bi-PentiumIII 1 Ghz,1Go
RAM)2

Compariti ve Resultson DIMA CS Instances

Tables2,3,4show theresultsof GASAT andWalksaton the
chosenDIMACSinstances.

From tables2,3,4,we may make the following remarks.
First, GASAT finds solutionsfor 23 instancesout of 26
while Walksatfindssolutionsfor 18 instances.Second,for
theinstancesfor which bothGASAT andWalksatfind a so-
lution, GASAT hasa highersuccessrateover 5 instances.

2Theversionof 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 0 -
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 0 -
1-6-yes1-2 100 160 0 - 0 -
1-6-yes1-3 100 160 0 - 0 -
1-6-yes1-4 100 160 0 - 0 -
2-0-yes1-1 100 200 10 1.712 0 -
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: aim100

Benchmarks GASAT Walksat
ref. var cls % sec. % sec.
1-c 64 254 100 0.028 100 0.119
1 350 1149 17.02 8.904 0 -
2-c 68 270 100 0.046 100 0.176
2 350 1157 25.53 11.86 0 -
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 0 -

Table4: Parity 8

Third, the running times for the two algorithmsaresome-
whatcomparableandshow no dominanceof onealgorithm
over theother.

This experimentconfirmsonceagaintheaim familly re-
mainsdifficult for incompletesolversdue to somespecial
structuresof theseinstances.

Compariti ve Resultson Random 3-SAT Instances

Table5 showstheresultsof GASAT andWalksatonrandom
instancesat transitionphase(number-of-clauses/number-of-
variables= 4.25). We generate50 or 20 instancesfor each
classeof instances. For theseinstances,we increasethe
searcheffort of GASAT andWalksatto allow themto reach
a maximumof

����ý
flips. For eachclass,we report in per-

centagethe numberof satisfiableinstancesfound by each
algorithmandtheaveragecomputingtime.

Instances GASAT Walksat
var. nb ins. % 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-SAT instances

From table5, we noticethat GASAT andWalkSAT ob-
tainssimilar resultsfor instancesof 400 to 1000variables.
For larger instances,Walksat finds more solutions than
GASAT doeswith a shortertime. This confirmsonceagain
theremarkablepowerof Walksaton randominstances.

Compariti veResultson “Challenging” Benchmarks

Table 6 shows the resultsof GASAT and Walksaton the
tenbenchmarksfor whichcompletesolversfail to find solu-
tions.

Fromtable6, oneobservesthatGASAT managesto find
solutionsfor 5 instanceswhile Walksatsolves4. Oneno-
ticesthatg250.15,thoughit is large,is in factvery easyfor
GASAT andWalksat. For the two large randominstances
f1000 and f2000, Walksathasa highersuccessrate. This
observationremainsconsistentwith thepreviousexpriment
on randominstances.

For the5 instanceswhich arenot solvedby GASAT and
Walksat,we indicatein parenthesisthe numberof unsatis-
fied clausesof the bestsolution found by eachalgorithm.
WeobservethatGASAT findsin generalassignmentswhich
satisfymoreclausesthanWalksatdoes.



Benchmarks GASAT Walksat
instances var cls % sec. % sec.
cnf-r4-b1-k1.1-comp 2424 14812 (12) - (36) -
cnf-r4-b1-k1.2-comp 2424 14812 (13) - (34) -
g125.17 2125 66272 4 274.7 - -
g125.18 2250 70163 98 92.4 2 381.4
g250.15 3750 233965 100 27.6 100 13.9
g250.29 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: LargeSAT-encodedGraphColoringinstances& LargeRandom-3-SAT instances

6 Conclusion

We have introducedin this paperGASAT, a new hybrid ge-
netic algorithmfor SAT. This algorithmrelieson a combi-
nationof a problemspecificcrossover operator anda Tabu
Searchprocedure.Seven differentcrossover operatorsare
proposedandstudied.The mostinterestingonesarebased
on the basicprinciple of handingdown goodpropertirsto
next generations.This is achieved in GASAT by carefully
taking into accountclausesatisfactionin its recombination
mechanism.

GASAT hasbeenevaluatedon a variety of well-known
benchmarksincludingten“challenginginstances”andvery
largerandominstances.GASAT hasshown competitive re-
sultscomparedwith Walksat.

The work presentedis a preliminary study. Many
improvementswould be possibleboth for the evolutionary
part and the Tabu Searchprocedure. We hope such im-
provementswouldboosttheperformanceof GASAT.

Acknowledgment: The work presentedin this paperis
partially supportedby grantsfrom the LIAMA laboratory
and the PRA program. We thankalsoDr. ChuminLi for
sendingushis randomr-SAT generator.

References

[1] B. Benhamouand L. Sais. Theoreticalstudy of symme-
tries in propositionalcalculusandapplications. In Proc. of
CADE’92, pages281–294,1992.

[2] J.A.FerlandC. Fleurent.Geneticalgorithmsandhybridsfor
graphcoloring. Annalsof OperationsResearch, (63):437–
461,1996.

[3] M. Davis, G. Logemann,andD. Loveland. A machinepro-
gramfor theoremproving. In Communicationsof theACM
(5), pages394–397,1962.

[4] O.Dubois,P. André,Y. Boufkhad,andJ.Carlier. SAT versus
UNSAT. In David S.JohnsonandMichaelA. Trick, editors,
SecondDIMACSimplementationchallenge: cliques,color-
ing and satisfiability, volume26 of DIMACSSeriesin Dis-
creteMathematicsandTheoreticalComputerScience, pages
415–436.AmericanMathematicalSociety, 1996.

[5] O. DuboisandG. Dequen.A backbone-searchheuristicfor
efficientsolvingof hard3-SAT formulae.In BernhardNebel,
editor, Proc.of theIJCAI’01, pages248–253,SanFrancisco,
CA, 2001.

[6] A.E. Eiben,J.K. vanderHauw, andJ.I. vanHemert. Graph
coloring with adaptive evolutionaryalgorithms. Journal of
Heuristics, 1(4): 26–46,1998.

[7] M.R. Garey andD.S.Johnson.Computersandintractability,
a guideto thetheoryof NP-completeness. Freeman,1979.

[8] F. Glover andM. Laguna. Tabu Search. Kluwer Academic
Publisher, 1997.

[9] J. Goettlieb,E. Marchiori, andC. Rossi. Evolutionaryalgo-
rithmsfor thestaisfiabilityproblem.EvolutionaryComputa-
tion, 1(10),2002.

[10] R.W. Hamming. Error detectinganderrorcorrectingcodes.
Bell SystemTechn.29, 1950.

[11] J.K. Hao and R. Dorne. A new population-basedmethod
for satisfiabilityproblems.In Proc.of 11thEuropeanConf.
onArtificial Intelligence, pages135–139,Amsterdam,1994.
JohnWiley & Sons.

[12] J. Hooker. Resolutionand the integrality of satisfiability
problems.MathematicalProgramming, (74):1–10,1996.

[13] K.A. DeJongandW.M. Spears.Usinggeneticalgorithmsto
solvenp-completeproblems.In Proc.of theInt’l Conference
on GeneticAlgorithms, pages124–132,1989.

[14] R. J. Bayardo Jr. and R. Schrag. Using csp look-back
techniquesto solve exceptionally hard sat instances. In
E. Freuder, editor, Proc. of the SecondInt’l Conf. on Prin-
ciples and Practice of Constraint Programming, number
1118 in LectureNotesin ComputerScience,pages46–60.
Springer, 1996.

[15] C.M. Li. Integrating equivalency reasoninginto davis-
putnamprocedure.In Proc.of theAAAI’00, pages291–296,
2000.

[16] C.M. Li andAnbulagan. Heuristicsbasedon unit propaga-
tion for satisfiability problems. In Proc. of the IJCAI’97,
pages366–371,1997.

[17] R. VoornM. Dastani,E. Marchiori. Findingsimplestpattern
structuresusinggeneticprogramming. In Proc. of the Ge-
netic and EvolutionaryComputationConference, pages3–
10,2001.



[18] R. Monasson,R. Zecchina,S. Kirkpatrick, B. Selman,and
L. Troyansky. Determiningthecomputationcomplexity from
the characteristicphasetransition. Nature, 400:133–137,
July1999.

[19] W. Morrison and K.A De Jong. Measurementof popula-
tion diversity. In Artificial Evolution, pages31–41.Springer,
2001.

[20] M.W. Moskewicz, C.F. Madigan,Y. Zhao,L. Zhang,andS.
Malik. Chaff: EngineeringanEfficientSAT Solver. In Proc.
of the 38th DesignAutomationConference(DAC’01), June
2001.

[21] B. Selman,H.A. Kautz,andB. Cohen. Noisestrategiesfor
improving localsearch.In Proc.of theAAAI’94,Vol. 1, pages
337–343,1994.

[22] B. Selman,H.J.Levesque,andD.G.Mitchell. A new method
for solving hard satisfiability problems. In Proc. of the
AAAI’92, pages440–446,SanJose,CA, 1992.

[23] L. Simon.Satex: http://www.lri.fr/ simon/satex/.

[24] W.M. Spears. Simulatedannealingfor hard satisfiability
problems. In David S. JohnsonandMichael A. Trick, ed-
itors, SecondDIMACSimplementationchallenge: Cliques,
Coloring, and Satisfiability, volume 26 of DIMACS Series
in DiscreteMathematicsandTheoretical ComputerScience,
pages533–558.AmericanMathematicalSociety, 1996.

[25] B.W. Wah andY. Shang. Discretelagrangian-basedsearch
for solvingmax-satproblems.In M.E Pollack,editor, Proc.
of IJCAI’97, volume 1, pages378–383, Nagoya, Japan,
1997.MorganKaufmann.

[26] H. Wengi andR. Jin. Solar, a quasiphysicalalgorithmfor
sat. Sciencein China (SeriesE), 27(2):179–186,1997. (in
chinese).

[27] H. Zhang.SATO: An efficientpropositionalprover. In Proc.
of the 14th International Conferenceon Automateddeduc-
tion, volume1249of LNAI, pages272–275,Berlin, 1997.


