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1 Intr oduction

Recentstate-of-the-artSAT solverscanhandlehand-craftedinstanceswith hundredsof thousandsof
variablesandseveral million clauses.Only a few yearsago,the ability to handlesuchinstancesap-
pearedcompletelyout of reach.The mosteffective completesolversaregenerallybasedon Davis-
Putnam-Loveland-Logemannstylesearchproceduresaugmentedwith a numberof specialtechniques,
suchasclause-learning,non-chronologicalbacktracking,lookahead,fastunit-propagation,randomiza-
tion, and restartstrategies.The progressin this areahaslargely beendriven by experimentalwork
on diversesetsof benchmarkproblems,including regular SAT competitions.Given the tremendous
advancesin recentyears,this hasclearly beena highly successfulapproach.Onekey openareaof
researchis to obtaina betterunderstandingasto why thesemethodswork so well. In this paper, we
hopeto advanceourunderstandingof theeffectivenessof currenttechniquesandanalyzewhatfeatures
of practicalinstancesmakesthemsoamenableto thesesolutionmethods.Of themany enhancements
of DPLL, we will focus our attentionon the interplay betweencertainspecialfeaturesof problem
instances,polytimepropagationmethods,andrestarttechniques.This analysisis clearlyonly partof
thefull story, sinceotherenhancements,suchasclauselearningandnon-chronologicalbacktracking,
provideadditionalpower to thesesolvers.

In order to characterizehiddenstructurein probleminstances,we introduceda notion of a spe-
cial subsetof vaiables,calledthe backdoorvariables[21]. A setof variablesformsa backdoorfor a
probleminstanceif therea valueassignmentto thesevariablessuchthatthesimplifiedformulacanbe
solved in polynomialtime by thepropagationandsimplificationmechanismof theSAT solver under
consideration.Anotherwayof statingthis is to saythataftersettingthebackdoorvariablesthesimpli-
fied formulafalls in a polynomiallysolvableclass.Notehowever thatthisclassmaynot haveasimply
syntacticcharacterization.

There is no apriori reasonwhy backdoorsetsare interesting.However, we have observed that
structuredprobleminstancescanhave suprisinglysmall setsof backdoorvariables.For example,the
logistics-dplanningprobleminstance(log.d.cnf)hasabackdoorsetof just12variables,comparedto a
totalof nearly7,000variablesin theformula.Morespecifically, thereis asettingto thesevariables,such
that theremainingformula is solved immediatelyby thepolytimepropagationtechniquesof theSAT
solver, satz[14]. We have found similarly small backdoorsfor otherstructuredproblemsinstances,
suchasthosefrom boundedmodel-checkingdomains.Moreover, we have also identifiedclassesof
formulasthat do not appearto have small backdoors.For example,for random3SAT problems,the
backdoorappearsto be a constantfraction (roughly30%)of the total numberof variables[11]. This
mayexplainwhy thecurrentDPLL basedsolvershavenotmadesignificantprogressonhardrandomly
�

This papercomplementsthework reportedin [21]. In [21] we formally introducedthenotionof backdoorand
characterizethe complexity of several algorithmsdesignedto take advantageof backdoors,including restart
strategies.In this paper, we focuson theconnectionbetweenheavy-tails andbackdoors.



generatedinstances.(Hard random3-SAT instanceswith morethan400variablesareout of reachof
mostcompletesolvers.Seealsoanalysisin [1].)

Backdoorvariablesarerelatedto the notion of independentvariables[20,5]. In fact, a set inde-
pendentvariablesof a problemalsoformsa backdoorset(providedthepropagationmechanismof the
SAT solver, aftersettingtheindependentvariables,caneffectively uncover theremainingvariablede-
pendencies).In practice,backdoorscanstill bequiteabit smallerthanthesetof independentvariables.
For example,in thelogisticsplanningdomain,thesetof independentvariablesis givenby thenumber
of operatorsapplicableat eachtime step.This setof variableswill generallybemuchlarger thanthe
minimal backdoorsetof 12 variables,mentionedearlier. Intuitively, theminimal backdooralsoincor-
poratesanotionof critical variables, i.e., thosevariablesthatcapturesomeof thecritically constrained
resourcesof theoriginalproblem.1

Oncea(small)backdoorsethasbeenidentified,theSAT solvercanrestrictits searchto thesetting
of thosevariables,leadingto a ���
	���
�������� searchfor a backdoorwith � variables,and	���
�������� captur-
ing thepolynomialpropagationaftersettingthebackdoorvariables.For small � , in particularof size� ������� �����!� , theseleadsto averyeffectiveoverallsearch.Of course,in practice,thesmallbackdoorset
(if it exists)still needsto beuncoveredby theSAT solver itself. In [21], weshow thatevenwhentaking
into accountthecostof searchingfor backdoorvariables,onecanstill obtainanoverall computational
advantageby focusingin on a backdoorset,provided the set is sufficiently small.Heuristics,incor-
poratedin many in currentSAT solvers,alsoimplicitly searchfor backdoorvariables,by uncovering
thosevariablesthatcausea largenumberof unit-propagation.

Thenotionof backdoorcameaboutin thecontext of ourstudyof heavy-tailedbehavior asobserved
in backtrackstylesearch[10,9]. Heavy-taileddistributionsprovide a justificationof why restartsare
effective, namelyto prevent thesearchprocedurefrom gettingstuckin un-productive portionsof the
searchspacethatdo not containsolutions.Suchdistributionsalsoimply theexistenceof a wide range
of solution times,often including short runs.For example,in [4], we proposeda formal model of
heavy-tailedbehavior for combinatorialsearchcharacterizedby aninfinite mean,yet,with areasonable
probabilityof finding solutionsby searchingsmallsub-treesof sizes�#"!��$%"!�'&("*)+)+),��� nodes(for small
k). Thisis wherebackdoorscomein. Intuitively,asmallbackdoorexplainshow abackstracksearchcan
get “lucky” on certainruns,wherebackdoorvariablesareidentifiedearlyon in thesearchandsetthe
right way. (Below we alsointroducea notionof “strongbackdoor”which explainsshort,unsatisfiable
runs.)In fact, we cannow provide a detailedmathematicalmodelexplaining heavy-tailed behavior
(Paretolike tails) in backtracksearchasfunctionof thesizeof theminimalbackdoorset.

Severalresearchershavedemonstratedtheeffectivenessof randomizationandrestartstrategiesfor
solvingreal-world applications.For example,thework of Marques-Silvaet al. hasshown thesuccess
of suchtechniques,combinedwith learning,for ElectronicDesignAutomation([18,2,16]). Random-
ization andrestartstrategiesarenow an integral part of many currentSAT solvers([3, 8,13,16,19,
23]).2

Thestructureof thepaperis asfollows.We startby formally introducingtheconceptof backdoor
andprovideempiricalresultsonthesizeof thebackdoor. Wethenrelatethebackdoornotionto variable
choicetreesandprovideformalheavy-tailednessresultsasa functionof thesizeof thebackdoor.

1 For certainproblemclasses,suchasparity problemsandDES instances,the minimal backdoorsetcoincides
with thefull setof independentvariables,forcingabacktracksearchprocedureto exhaustively searchthesetting
of thesevariables[7].

2 A restartstrategy doesnotneedto involve explicit randomization.For example,theclauselearningmechanism
in Chaff, implicitly causesthe solver to explore differentpartsof the searchspaceon eachrestart(a form of
“deterministicrandomization” [22]).
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2 Backdoors

In thissection,wedefinethenotionof backdoorvariables,first introducedin [21]. Wewill alsopresent
someof theempiricalresultsfor backdoors.Our definitionsarefor theSAT problembut caneasilybe
adaptedto themoregeneralsettingof constraintsatisfactionproblems(CSP).

TheSAT problemis definedin theusualway. WehaveaBooleanformulaover � Booleanvariables.
Theformulaconsistsof aconjunctionof clauses,whereeachclauseconsistof adisjunctionof literals.
A literal is a Booleanvariableor its negation.SAT is theproblemof determiningwhetherthereexists
a truthassignmentto theBooleanvariablesthatsatisfiesall clauses.

Let -/.10�2436587:9<;>=@?BA@"+CD-E
GF*A�H be a truth partial assignment.We use CJIK-�.#L to denotethe
simplified SAT instanceobtainedfrom the formula C by settingthe variablesdefinedin -/. , i.e., by
fixing thetruthvaluesof thevariablesin -/. .

A setof backdoorvariablesis definedwith respectto a particularalgorithm;oncethe backdoor
variablesareassignedavalue,theproblembecomeseasyunderthatalgorithm.To begin ourexposition
of backdoors,we definethesortof algorithmswe have in mind.We will call themsub-solvers, asthey
solve tractablesubcasesof thegeneralSAT problem.

Definition 1. A sub-solverM givenasinput a formula C satisfiesthefollowing:
N (Trichotomy)M eitherrejectstheinput C , or “determines” C correctly(asunsatisfiableor satis-

fiable, returninga solutionif satisfiable),
N (Efficiency) M runsin polynomialtime,
N (Trivial solvability) M candetermineif C is trivially true(hasnoclauses)or trivially unsatisfiable

(hasa contradictoryclause),
N (Self-reducibility) if M determinesC , thenfor any variable O and value P , then M determines

CJI P�QRO�L .

For instance,M couldbean algorithmthat solves2-SAT instancesbut rejectsall otherinstances.
In general,M capturesthepolytimepropagationandsimplificationmechanismsthatarepartof DPLL
styleSAT solvers.Our resultsbelow areindependentof a particularsub-solver; our resultswill hold
for any M satisfyingtheabovefour properties.

In whatfollows,let M bea sub-solver, and C aBooleanformula.

We first consideranotionof “backdoor”thatis suitablefor satisfiableproblemsinstances.

Definition 2. [backdoor] A nonemptysubset2 of thevariablesis a backdoorfor C w.r.t. M if for some
-/.S0E2T7U9(CD-�
GF@A*",;>=@?BA�H , M returnsa satisfyingassignmentof CJIV-/.#L .

Intuitively, the backdoorcorrespondsto a setof variables,suchthat whensetcorrectly, the sub-
solver cansolve theremainingproblem.In a sense,thebackdooris a “witness” to thesatisfiabilityof
theinstance,givena sub-solveralgorithm.We alsointroducea strongernotionof thebackdoorto deal
with bothsatisfiableandunsatisfiable(inconsistent)probleminstances.

Definition 3. [strongbackdoor] A nonemptysubset2 of thevariablesis a strongbackdoorfor W w.r.t.
M if for all -�.T0X2Y7Z9/CD-E
[F@A@"�;>=@?\A�H , M returnsa satisfyingassignmentor concludesunsatisfiability
of CJIK-�.#L .
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It follows directly that,whengiventhebackdoor2 for a SAT problem,thesearchcostis of order
	���
V�������]��^ . ^ . (Simply checkall possibleassignmentsof 2 .) This meansif 2 is relatively small, one
obtainsa largeimprovementoversearchingthefull spaceof variable/valueassignments.

Weobservethatindependentvariablesareaparticularkind of backdoor. As statedin [12], they area
set 2 of variablesfor whichall othervariablesmaybethoughtof asdefinedin termsof 2 . For example,
a maximalsubsetof independentvariablesin a SAT encodingof a hardwareverificationproblemis a
backdoorfor unit propagation,astheothervariables’valuesmaybedirectly determinedaftersetting
theindependentones[17,20,5].

Therearetwo key questionsconcerningbackdoors:(1) Whatis thesizeof thebackdoorin practical
probleminstances?(2) Whentakinginto accountthecostof searchingfor abackdoorset,canonestill
obtainanoverall computationaladvantage?

In [21], we presentformal complexity resultsthat show a concretecomputationaladvantageof
usingbackdoorvariableseven when taking into accountthe costof searchingfor the backdoorset,
providedthata relatively smallbackdoorsetexists.Moreover, empiricaldatashows that for practical
structuredprobleminstancesthe backdoorsetscanindeedbe suprisinglysmall.Table1 givessome
examplestatisticson backdoorsizes.The backdoorsin the tablewereobtainedusing the SatzSAT
solver SAT solver Satz-rand,a randomizedversionof Satz[14]. Satzincorporatespowerful variable
selectionheuristicsandan efficient simplificationstrategy (i.e., a goodsub-solver). In the table,we
show a logisticsplanningproblem(log.d), a circuit designproblem(3bitadd32), a boundedmodel-
checkingproblem(pipe),andtwo quasigroupcompletionproblems.

We seesomesurprisinglysmallbackdoorsets.Clearly, theprobleminstanceshave lots of hidden
structureandmoreover suchstructurecanbeuncoveredby thepropagationandsimplificationproce-
duresin Satz.3

It shouldbenotedthat theseinstancesarenow well within therangeof thefastestcurrentsolvers,
suchasSatz[14]. However, they arenon-trivial andcannotbesolvedwith thepreviousgenerationof
SAT solvers,suchasTableau[6]. Clearly, thenew solversarebetterableto discoverandexploit hidden
structure,suchassmallbackdoors.

instance # vars# clausesbackdoor fract.
log.d 6783 437431 12 0.0018

3bitadd32 8704 32316 53 0.0061
pipe 01 7736 26087 23 0.0030

qwh 30 320 1235 8523 14 0.0113
qwh 35 405 1597 10658 15 0.0094

Table1. Sizeof backdoorsfor severalpracticalSAT instances.Source:[21]

As mentionedearlier, the notion of backdoorset cameaboutwhenwe studiedthe mechanisms
underlyingheavy-tailedphenomenain combinatorialsearch.In thenext section,we provide a formal
analysismakingtheconnectionbetweenbackdoors,heavy-tails andrestartsprecise.

3 Search Treesand Backdoors

For our analysis,we introducethenotionof variablechoicetrees, binary treeswith integer labelson
their leaves,but with semanticsquitedifferentfrom standardsearchtrees.Thetypical semanticsgiven

3 The table gives resultson satisfiableinstances.We believe similarly small strongbackdoorsexist in many
structureunsatisfiableprobleminstances.We arecurrentlymodifying satz-randto allow us to searchfor such
strongbackdoors.
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Fig.1. Variablechoicetreewith onebackdoor;_*`*a is the probability of thebranchingheuristicmakinga good
decisionand b is the branchingfactor, in this casebdc1e . This treemodelhasfinite meanandinfinite variance
when _@`+e>fg_*`*ahfgi@`,j , and infinite varianceandinfinite meanwhen _*`*ahkT_@`+e

to a searchtree is that the nodesrepresentvariables,and the branchesout of a noderepresentthe
variousvaluesthatcanbeassignedto nodevariable.In variablechoicetrees,aninnernoderepresents
theselectionof a variable, sobranchescorrespondto differentvariablechoices,andthe integer label
of leaf 
 representsthe cost of a searchon the variablesthat were selectedin the path to 
 . In our
work, we considerthe variablesof an instanceto be partitionedinto two kinds; for the purposesof
abstractionwewill simplycall thetwo partitions“good” and“bad” here.Intuitively, goodvariablesare
onesthatwe would like to chooseearly in our search;for us,thesewill bebackdoorvariables.As we
choosethemearlierin thesearch,thesolver performsbetter. Left-branchesof thetreerepresentgood
variablechoices,andright-branchesrepresentbadones.Onceall of thegood(backdoor)variableshave
beenchosenin a pathof the selectiontree,the pathendswith a leaf labeledwith the searchcostof
an algorithmrun on thosevariablechoicesdescribedby the branches.Following the empiricalwork
in [9], whererandomizationof variableselectionleadsto increasedperformancein search,we attach
probabilitiesto thebranches,sothatgoodvariablesarechosenwith someprobability l�Q(m andbadones
with lonpl/Q(m . Figure1 depictsa variablechoicetreewhenwe have a backdoorconsistingof a single
variable.

Notice that the performanceof several deterministicsearchalgorithmsfor SAT/CSPscould be
representedwith onevariablechoicetree,asfor eachproblemandeachalgorithmthereis a unique
orderingof the variableschosenfor branching,which correspondsto differentpathsin the variable
choicetree.In orderto formailize the notion of variablechoicetree,we will usea recursive charac-
terization.This versionilluminatesthe fact that a variablechoicetreespecifiesa kind of treethat is
self-similar, i.e., fractal.

Definition 4. 5q�,rq� - variablechoicetreefor r backdoorvariables(minimum-sized); Recursivefor-
mulation.

1. 5s�]t�� is a singleleaf.

2. For r1uvt , 5q�,rq� has 5q�,rwnxl(� asa left subtree, anda copyof 5q�,rq� asa right subtree.

For example,5y�!l(� is theinfinite binarytreein Figure1. SeeFigure2 for 5y�]��� and 5q�{z�� .
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Fig.2. Sketchof |>}�e*~ and |>}�i*~ .

Weaugmentthetree 5s�,rq� with probabilitylabelson its edgesandsearchcostlabelsontheleaves,
asinformally suggestedabove. To simplify the exposition,throughoutthe paperwe will assumethe
edgesof 5q�,rq� are labeledwith probabilities;the left and right brancheswill have labels l�Q(m and
l�ngl/Q(m , respectively. Theleavesof 5q�,rq� will belabeledaccordingto asearch costfunction ��0'��7
� , which is monotoneincreasing.Leaf 
 getslabel ��������
���� , where �E����� is the depthof node � . The
function � is meantto modeltheimpactof choosinggoodvariablesoverbadones,andvice-versa.

4 On the connectionsbetweenheavy-tailednessand backdoors

Here,we outlineour formal resultsconnectinga backtracksearchheuristicsearchmodelwith heavy-
tailed runtimephenomena.In particular, we will show that small setsof backdoorvariablesleadto
runtimeprofilesthatareboundedfrom below by heavy-tails.

Throughout,we fix a particularvariablechoicetree 5q�,rq� , searchcost function � , andheuristic
having successprobability l�Q'm . Ourfirst stepis to defineournotationfor thetail probabilityof 5y��rq� .

Definition 5. ��=XI �d���v�X5q�,rq�]L , the tail probability of � , is the probability that a randomlychosen
path(to someleaf 
 of 5s�,rq� ) hassearch cost ���,
����w� .

Roughlyspeaking,the tail probability of � is the probability that randomvariablechoicesunder
theheuristicresultin a runtimegreaterthan � . In thefollowing weassume���,�X�\�p� � for some��u1l .
( � is thebranchingfactor. �h�p� for SAT.) That is, thesearchcostat a leaf is exponentialin lengthof
the pathleadingto the leaf. Hencefor r���l , ��=XI �������K��$���5q�,rq�{L����!l�n�l�Q(m��[� ; this resultwas
essentiallyshown in [4]. Herewe generalizethatresult.A lemmagivesa recursive expressionfor the
probabilitywhen r1u1l .

Lemma 1. For ��u�t and r1u1l ,
��=XI �>�����V�� g��5q�,rq�]LB� $¡ )@��=XI �¢�g���K��£V �¤�$[¥¦�'5q�,rxnYl(�{L#§ l�n $¡ )@��=XI �¢�p�*£V�G¤�${¥[�� ��'5q�,rq�{LG¨

Proof. Omitteddueto lack of space- to beincludedin theproceedingsversion.

4.1 The tail probability theorem

Our next stepis to find a closed-formsolutionfor this tail probability. We first give thesolutionwhen
r©��� asa warm-upto thetheoremfor arbitrary r .
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Theorem1. Pr[ �>�w���V� &���5q�{��� ] = ��l�nYl/Q(m��[���!lo§��<Q'm�� .

Proof. Omitteddueto lack of space- to beincludedin theproceedingsversion.

Theorem2. For all ���ªl ,

��=#I �¢�w���V�� v�'5q�����]LB�w��l�n $¡ �[���!lo§  �¤�$�%«�$ �K���/¤�$� ) $¡E¬ �,¨

Proof. Omitteddueto lack of space- to beincludedin theproceedingsversion.

Now we definewhat we meanby 5y��rq� having a heavy-tailed distribution. Our only concernis
with having a searchcostdistribution that is lower boundedby a heavy-tail; if the tail is larger than
Pareto-Levy, thena restartstrategy is only moreviable.

Definition 6. 5q�,rq� is lower boundedby a heavy-tail if there exists ­�®6�]tX"!��� such that ��=XI ���
�1�B5s��ry�]L��°¯y� $± ² �,¨ That is, the search cost distribution on 5y��ry� is boundedfrom below by a
Pareto-Levydistribution.

Notethat theexistenceof sucha heavy-tail bounddoesnot immediatelyimply thata polynomial
time restartstrategy is available.Indeed,dependingon ­ , the meanof the distribution could still be
exponential[4]. This leadsusto believe thatheavy-tailsmayalsoarisefor muchlargerbackdoorsthan
thosewe saw yieldingefficient restartstrategiesearlier. Our intuition is confirmedby a calculation:

Theorem3. (Heavy-tail lower bound)If r°®��(��³yQ ´�µ(¶¢³·� and the probability of heuristic failure
�!lBn¸l�Q'm�� is lessthan l�Q(��¹ for ­·®¸�]tX"!��� , thenthetail probabilityof thesearch coston 5q��ry� is lower
boundedbya heavy-tail.

Proof. Omitteddueto lack of space- to beincludedin theproceedingsversion.

Intuitively, this resultshows that if thesuccessprobabilityof theheuristicis sufficiently badwith
respectto thebranchingfactor, thenthereis a largepotentialfor reachinganodein thevariablechoice
tree 5q�,rq� with highsearchcost.

Now let usdiscusswhatbearingtheseresultson variablechoicetreeshave on randomizedback-
tracking.Considera modelof randomizeddepth-firstsearch(DFS) with a sub-solver M , runningon
aninstanceW , having a backdoorof size r , armedwith a heuristic º , thatchoosesa variablefrom a
minimal strongbackdoorwith probability l/Q(m , andthenrandomlychoosesanarbitraryassignmentto
thegivenvariable l�Q(� ( � is thevariabledomainsize).Wewill usethenotation(DFS,º , M ) to denotea
solverwith theaboveproperties.In suchamodel,theworst-casesearchcostataleafof thecorrespond-
ing variablechoicetreewill be �������\�p��� (recallthat � hereis thedepthof thevariablechoicetree,i.e.
thenumberof variableschosenbeforea completebackdooris chosen),simply becausebacktracking
mayhave to try all possibleassignmentson thestrongbackdoorbeforethesub-solver candecidethe
instance.Thereforeour above discussionconcerningrunsof length ���V��  applydirectly to measuring
theruntimecostof backtrackingwith heuristics,by setting �>�p� . We concludewith thefollowing:

Theorem4. (DFS,M , º ) on SAT/CSPswith �(�,³qQ�´»µ'¶o³·� strongbackdoorshasa runtimedistribution
that is lower-boundedbya heavy-tail,if thesuccessprobabilityof º is constant.
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Proof. Omitteddueto lack of space- to beincludedin theproceedingsversion.

Open problem

We believe a resultof thefollowing form is possible.Definethe restartspeed-upof a solver 2 on
a setof instances¼ to betheratio:

½y¾»¿À�Á�Â
expectedruntimeof Son x

optimalruntimeof any restartstrategy for Son x
¨

Considerthedenominatorof thisexpression.It is known thatfor any particular2 andO , theoptimal
restartstrategy is actuallya fixedvalue[15]. But it is not clearhow for arbitrary O how to efficiently
determinewhat the optimal restartstrategy might be. This becomesan interestingtheoreticalopen
problemwhenwearearmedwith abstractknowledgeof whatoursolver is like (e.g.it is a randomized
backtrackingprocedure).

In asense,thisratiowouldmeasuretheworst-caseperformanceof arestartstrategy for aparticular
solver, by pitting its expectedruntimeagainstthestrategy. Observe that if theoptimal restartstrategy
is not very good,the restartspeed-upis closeto 1, andif thereis an extremelygoodstrategy but the
expectationis high, therestartspeed-upcanbeexponential.We conjecture(for suitabledefinitionsof
thedenominator)that therestartspeed-upis exponentialpreciselywhentheruntimedistribution of 2
is lower boundedby a heavy-tail, for infinitely many O�®Ã¼ . Toolsfrom Luby et al. [15] canprobably
beusedtowardsproving or disproving this conjecture.

5 Conclusions

We proposeageneralscenariothatprovidesvaluableinsightsinto thestructureof realworld instances
andthewaystate-of-theartproceduressolvesuchinstances.Experimentally, it appearsthatbackdoors
canbesuprisinglysmall(

� �,
[���������!� for certainstructuredproblems.Giventheconditionsof ourheavy-
tail lowerboundresult(successprobabilityof theheuristicis sufficiently low andthebackdoorsizeis
sufficientlysmall),theexpectedsearchcostonthesearchtree( 5q��ry� ) will beexponential.Furthermore,
whenthesizeof thebackdoorr©� � �]´�µ(¶\��� and l/Q(m is boundedby aconstant,thereexistsapolytime
restartstrategy[21]. Thuswe have reasonableconditionsunderour modelfor which bactracksearch
hasexponentialexpectedruntime,yet thereis a polynomialtime restartstrategy. In otherwords,we
show thatwith asufficiently smallbackdoorsetandareasonably, but notperfect,heuristic,weobtaina
backtracksearchwith polytimerestartstartegy. However, without restarts,theunderlyingdistribution
is heavy-tailed,with anexponentialexpectedtime.This scenarioappearsto bequitecloseto whatone
observeson structuredpracticalinstances.We thereforebelieve that our modelcapturessomeof the
key featuresof practicalDPLL styleSAT solvers.In essence,we havea subtleinterplaybetweena set
of critical variables(backdoors)andtheheuristicsthatattemptto guidethesearch.On theotherhand,
thereareinstancesthatdonothavesmallbackdoors,suchashardrandominstancesor instancesbased
on cryptographicprotocols.Suchinstancesappearto beinherentlyhardfor backtracksearchanddefy
thecurrentstate-the-artcompleteSAT solvers.Of course,otherstrategiessuchasclauselearningmay
yetproveto beeffectiveon suchinstances.

Overallwehaveshowntheoreticalandexperimentalconnectionsbetweentheexistenceof backdoor
setsand heavy-tailed runtimes.We hopethat our work will inspire further investigationinto these
notions,leadingto thediscoveryof new propertiesandrelationshipsbetweensolversandinstances.
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