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Abstract

Stochastidocal searchalgorithmsbasedon the WalkSAT ar-

chitectureareamongthe bestknowvn method for solving hard
andlarge instancesf the propasitional satisfiability problem
(SAT). The performane and behaiour of thesealgorithms
critically depems on the settingof the noiseparameterwhich
controlsthegreediressof the searchprocessTheoptimalset-
ting for the noiseparametervariesconsiderablybetweendif-

ferenttypesandsizesof probleminstancesconsegqently, con-
siderablemanualtuning is typically requiredto obtain peak
performance In this paper we characterisehe impactof the
noise settingon the behaiour of WalkSAT and introducea
simpleadaptve noisemechanisnfor WalkSAT that doesnot
requiremanuéaadjustmenfor differentprobleminstancesWe
presenexperimentalresultsindicatingthatby usingthis self-
tuning noise mechaism, various WalkSAT variants(includ-

ing WalkSAT/SKC andNovelty*) achieve performanceevels
closeto theirpeakperformancdor instance-sgcific, manudly

tunednoisesettings.

Introduction and Background

TheWalkSAT family of algoithms(SelmanKautz,& Cohen
1994 McAllester, Selman,& Kautz 1997 compisessome
of the mostwidely studiedand best-perbrming stochastic
local search(SLS) algorithrns for the propositional satisfi-
ability prodem (SAT). WalkSAT algorithms are basedon
an iterative searchprocessthat in eachstep selectsa cur
rently unsatisfiedclauseof the given SAT instanceat ran-
dom (accading to a uniform probability distribution), se-
lects a variade appearingin that clauseand flips it, i.e.,
chang@sits truth valuefrom trueto falseor vice versa. Dif-
ferent method are usedfor the variable selectionwithin
unsatisfiedclauses,giving rise to various WalkSAT algo-
rithms (McAllester, Selman, & Kautz 1997 Hoos 1999
Hoos& Stiitzle 20Ma). All of theseusea paranetercalled
thenoiseparameterto contiol thedegreeof grealinessn the
variabe selectionprocessi.e., the degree to which varialles
arelikely to beselectedhat,whenflipped,leadto amaxima
decreasé thenumler of unsatisfieclauses.

The noise paraméer, which for all WalkSAT algorithns
excepg for WalkSAT/TABU repiesentsa probability and
hencetakes valuesbetweenzero and one, hasa major im-
pacton the perfamanceof therespectie algoithm, asmea-
suredby the probability of finding a solution i.e., a modé
of the given formua, within a fixed nunber of steps,or by
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the expectednumter of stepsrequiral for finding a solu-
tion. Not only is therea significantquantitative impad of
the noise paraneter settingon perfamance,but the quali-
tative behaviour of the algorithm can be differert degend-
ing on the noise setting. In particular it hasbeenshavn

that for sufficiently high noisesettings,the otherimporant
parametercomnon to all WalkSAT algorithms, the num

ber of stepsafterwhich the searchprocessis restartedrom

a randanly selectedvariableassignmen(also called cutof

paramete) haslittle or no impacton the behaiour of the
algorithm (Parkes & Walser 19%; Hoos & Stitzle 199).

For low noisesettings,however, finding an appopriatecut-
off settingis typicdly crucial for obtaining goad perfa-

mance(Hoos& Stitzle 2000a). Forturately, for mary of the
most prominent and best-perdrming WalkSAT algoritims,
including WalkSAT/SKC, WalkSAT/TABU, Noveltyt, and
R-Noveltyt, peakperfamanceis obtainel for noisesettings
high enowgh thatthe cutoff parametedoesnot affect perfa-

manceunlesst is chosertoolow, in whichcaseperfomance
is degraded. This leavesthe noisesettingto be optimisedin

orderto achieve maximd performarce of theseWalkSAT al-

gorithns !

Unfortunatelyfindingtheoptimalnoisesettingis typically
adifficult task. Becaus@ptimalnoisesettingsappeato dif-
fer consideably depeiding on the given prodem instance,
thistaskoftenrequires expelienceandsubstantiaéxpeiimen-
tationwith various noisevalues(Hoos& Stiitzle20003. We
will seelaterthat evenrelatively minor deviations from the
optimalnoisesettingcanleadto a substantiaincreasen the
expectedime for solving agiveninstanceandto make mat-
tersworse, the sensitvity of WalkSAT's perfamancew.r.t.
thenoisesettingseemgo increasawith thesizeandharchess
of the probleminstanceto be solved This comgicatesthe
useof WalkSAT for solving SAT instancesas well astheir
evaluation andhencethe developmen, of new WalkSAT al-
gorithms.

Oneolvious apprachfor developing a self-tuningmech
anismfor the noise paraneterin WalkSAT is to build on
McAllesteret al.’s “invariants” thatrelateoptimal noisepa-
rametersettinggto certainstatisticsof thenumbe of unsatis-
fied clauseover a (partial) WalkSAT trajectory(McAllester,

LIt may be notedthat Novelty™ and R-Noveltyt have an addi-
tional secondey noise parameterwhich, however, seemsto have
lessimpacton performancehanthe primary noiseparameterFur-
thermore,one uniform settingof this parameteiseemsto achiee
excellent performancefor a broadrangeof SAT instancesandin-
stancetypes(Ho0s1999;Hoos& Stiitzle20009.
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Selman& Kautz1997). Recentlyit hasbeendemorstrated
that theseinvariantscan be usedas the basisfor automati-
cally tuningthenoiseparaneterin WalkSAT/SKC (Patterson
& Kautz2001) It shouldbenoted however, thattheserela-
tionshipsareof anappoximatenatureandthatthusfar, they
have only beestablishedor WalkSAT algorithms.

The appoachfollowed in this paperis basedon a more
geneal principle thatcaneasilybe generéisedto SLS algo-
rithmsotherthanthe WalkSAT architectue andto hardcom-
binatoial prablemsdifferent from SAT. It substantiallydif-
fersfrom the methal proposedin (Patterson& Kautz200J),
which optimisesthe noise setting for a given problem in-
stanceprior to the actual(unnmodified) searchprocessdur-
ing which the noiseparametesettingis heldfixed. The key
ideabehird our noisemechanisnis to usehigh noisevalues
only whenthey areneeadto escapgrom stagnatiorsitua-
tionsin which the searchprocedureappeargo make no fur-
therprogresstowardsfinding a solution Thisideais closely
relatedto the motivation belind Reactve Talu Search(Bat-
titi & Tecchiolli1994) andlteratedLocal Search(Louren@m,
Martin, & Stitzle 2000, two highperfaming SLS algo-
rithms for combinatorial optimisation. Applied to WalkSAT
algorithmssuchasNoveltyt, thisappoachnotonly achieves
aremarlably robustandhigh perfamance,in somecasest
alsoimproves over the peakperformarce of the bestprevi-
ouslyknown WalkSAT variart for therespectie prodemin-
stance.

The Noise Response

We usethetermnoiseresposeto referto thefunctioral de-
pencdkng of the local searchcoston the settingof the noise
paraneter Thenoiseresponseaptuesthecharateristicim-

pact of the noisesettingon the perfamanceof a given al-

gorithm for a specificprodem instance. Local search cost
(abbeviatedlsc) is definedasthe expectedtime requied by
a givenalgotithm (for specificparanetersettings)o solve a
given probdem instance. We estimatelsc by taking the av-

erageof anempiricalruntime distribution (RTD). Sincethe
variarce of WalkSAT RTD is typically very high, stableesti-
matesof Iscrequile empitical RTDs basednalargenunber

of successfutuns. Unlessspecificallystatedotherwise the
Isc measuementgepatedin this paperarebasecdn at least
250successfutuns.Furthemore,randan restartwithin runs
wasgeneally disabledby settingWalkSAT’s cutoff parane-
ter effectively to infinity. As we will seelater, this doesnot
affectthepeakperfamane of thealgorittmsstudiedhere.

Measuing the noise respose for more than 300 SAT
instances(most of which were taken from the SATLIB
Benchmark Collection) includng SAT-encaled plannirg
and graph colouiing prodems, we found that the noisere-
sponsefor WalkSAT/SKC, Novetyt, and R-Novelty™ al-
ways hasthe samecharactestic, concae shape:Thereex-
ists a unique optimal noisesettingminimisinglsc; for noise
higherthanthis optimal value,Isc increasesnondonically;
likewise, Isc increasesnorontorically asnoiseis decrased
belov theoptimum value (typicalexanplesareshovnin Fig-
ure 1). The respose cune is asymmetric,with a steeper
increasen Isc for lowerthan-ogimal thanfor higherthan-
optimalnoisevaluesandthereis no evidercefor discontinu
ities in ary of its deriatives.

As aconseqanceof thisshapeof thenoiseresponseurve,
thereis a certainrobustnessa.r.t. minor variatins in the
noisesettingarownd the optimal value. Furthernore, lower
than-opimal noisevaluestendto causesignificantly more
difficulty in solving a probleam instancethan higherthan-
optimal noisevalues. (This s particdarly the casefor some
of the best-pefiorming WalkSAT variants,suchasNovelty +
andR-Novety t.)

It has been previously obsered that for optimal and
higherthan-ogimal noisesettings WalkSAT andotherSLS
algorithns for SAT shav exponentialRTDs (Hoos& Stiltzle
1999) For lowerthanoptimalnoisesettings RTDs indicate
stagnationbehaiour reflectedin an increae in the varia-
tion coeficient (mean/stdev) with decrasingnoise (Hoos
& Stitzle 20Ma). (Typical RTDs are shawvn in Figure 1.)
Becauseof the effect of the initial searchphasethatis most
pronauncedfor relatively easyprodem instancegrelativeto
their size)arourd the optimal noisevalue, the variation co-
efficient canalsoslightly increaseasthe noiseis increased
beyond its optimal value.

There hasalsobeensomeevidencein theliteraturethatfor
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setsof syntacticallyvery similar prodem instancesjn par

ticular for test-setssampledfrom Uniform Randan-3-SAr

distributions (Cheesenta Kanefsky, & Taylor1991), theop-
timal noisevaluesfor WalkSAT/SKC arevery similar (Hoos
& Stiitzle 199). This obsevationappeas to hold for other
setsof syntacticallysimilar prodem instancesswell asfor
otherWalkSAT variants.A typical examge is shawvn in Fig-
ure 2; notethat despitethe syntacticalsimilarity of the in-

stanceghereare substantiatifferencesin local searchcost,
which, howvever, arenotsignificantlycorrdatedwith optimd

noisesettings.It may be notedthatevenat 250tries perin-

stancethelsc estimatesandhene our estimategor optimd

noisesettings areoftennot very stable.For thetest-setuused
in Figure 2, differencesin searchcostbetweenthe extreme
optimal noisevaluesobtaired were smallerthana factor of

1.5.

However, optimd noisesettingsvary corsiderablywith in-
stancetype and size (McAllester, Selman,& Kautz 1997
Hoosé& Stiitzle 200@). Thisis particdarly noticeble for the
widely used SAT-encoed blocksworld planninginstances
(Kautz & Selman1996 Hoos & Stitzle 200b), where
the optimal noisevaluesappearto decreae morotonically
with prablemsize. For otherinstancetypes,includng Uni-
form Random3-SAT instancesandSAT-encaledFlat Graph
Colourirg instancestheoptimal noisevalueis apparatly not
affectedby instancesize. Overall, it appeas that for those
typesof SAT instanceswhete optimal noise changs with
instancesize, larger instancegendto have smalleroptimd
noisevalues(cf. Tablel).

Finally, thereare significantdifferencesin optimd noise
levels betweendifferent WalkSAT variants. This is not sur
prising, consideriig the differencesin how the noiseparam-
eteris usedwithin thesevariarts; but it is relevantin this
contt becausdt meansthat when compaing the perfor-
manceof the variane for a given setof problem instances,
the noise paraneter settingneedsto be optimisedfor each
variart individually. This obsevationis particularlyrelevart
in thecortext of recenffindings thatno singleWalkSAT vari-
antgenerdly outperforns all others(Hoos & Stiitzle 200Ga).

These obserations suggst the following apprach to
manually tuning the noiseparaneter: For two initial guesses
for theoptimalnoisevalue,empiricd RTDsaremeasure@nd

Isc valuesare calculatedrom these.Thesetwo initial noise
valuesare guessedn sucha way thatthey arelikely to be
slightly higher thanthe optimal noisevalue. Assumingthat
the Isc measuementsarereasonaly accurate and exploit-
ing the typicd concae shapeof the noiseresponseurve, a
simpleiterative methodcanbeusedto narrav down the opti-
mal noisevalue by measuing addtional Isc valuesfor appre
priately chosemoisesettings. Typically, RTDs for no more
thanfour noisevaluesneedto be evaluatedn orderto obtain
a noisesettingfor which the Isc valueis no morethan20%
above the minimum. Theinitial guessesre often basedon
ohvious structual propeties of the prodem instancessuch
astheratio of clausego variablespr backgourd knovledge
abouttheorigin of the prodeminstancesincluding thetrans-
formaticnsusedfor encodiry theminto SAT.
Thedrawbackof this methal is thatit requires solvingthe
probleminstancaunde consideratia hundeds,maybethou
sandsof times. This only makes sensewhentuning an al-
gorithmfor a whole classof probleminstancesn a scenario
wherea large numbe of similar problem instanceshave to
be solved subsegantly. Accordng to our obsevation that
for severalwidely studiedclassef SAT instanceghe opti-
mal noisesettingsseemto be very similar or identical over
wholedistributions of prodem instancesthis situationis not
unrealistic(especiallyin the context of compaative studies
of SLSalgorithmsoverawide range of probleminstances).

WalkSAT with Dynamic Noise

Given the obserationsmadein the previous section,it ap-
pearsvery desiralte to have a mechaismthatautomadically
adjuststhe noise parameteiin sucha way that manualpa-
rametertuning is no longer necessaryor obtairing optimal
perfomance.

There areatleastfour typesof informationthatcanpoten
tially beusedby suchamechanism

(a) backgourd knowledge provided by the algoiithm de-
signer this knawledgemight reflectextersive experience
with the algoiithm on various typesof instancer theo-
reticalinsightsinto thealgorithm’s behaiour;

(b) syntacticinformation aboutthe proddem instance;for
SAT instancesthis mayincludethe nunberof clausesand
valiablesaswell asinformationaboutclauseengtts, etc;

(¢) information collectedover the run of the algoithm so
far;in particdar, thisincludesinformationabouthesearch
spacepositiors andobjective fundion valuesencourered
overthe (incomplete)searchrajectory

(d) informationcollectedby specificmechaimsms(oragents)
that perform certaintypesof “semantic” analyseson the
given probleminstancesthis canincludeactive measue-
merns of propertiesof the undelying searchspace such
asautocarelationlengthsfor randan walks (Weinbeger
199) or densityof local optima (Frark, Cheeseman&
Stutz1997).

Obviously, a self-turing noisemechaism canintegratevari-
oustypesof information. In the following, we studya tech-
niguethatis basedon information of type (a), (b), and(c).
Ultimately, we believe that information of type (d) shoud
alsobeintegraed, leadingto a morerobustand even better
perfomingalgoritim. However, from ascientificperspeciie



aswell asfrom anengineeing pointof view, it seemsgprefer
ableto startwith rathe simpleself-tunirg algotithmsbefore
studyirg comgex combirationsof technigees.

Ourapprachis basen a simpleandfairly geneal idea:
Basedon the effect of the noisesettingon the searchpro-
cessasdescribd previously, andconsistentvith earlierob-
senatiors by McAllester et al. (1997), it appearghat op-
timal noise settingsare thosethat achieve a good balance
betweenan algoiithms ability to greedy find solutiors by
following local gradents,andits ability to escapdrom local
minimaandothe regions of the searchspacethatattractthe
gree¢ commnentof thealgoithm, yet containno solutiors.
Fromthis point of view, the standadl staticnoisemechanism
that perfams non-greedy(or not-so grealy) searchstepsre-
quiredto escapdrom situationsin which the searchwould
otherwisestagnatevith a constahprobaility, seemso bea
rathercruce andwastefulsolution. Instead it appearsnuch
morereasonabléo usethis escapanechairsm only whenit
is really needed

This leadsto our adaptie noise appoach,in which the
prokability for performing greeq steps(or noisesetting)is
dynanmically adjustedbasedon searchprogiess,asreflected
in thetime elapsedincethelastimprovemenin theobjective
function hasbeenachiezed. At the beginning of the search
process, we usegrealy searchexclusively (noise=(. This
will typicdly leadto aseriesof rapidimprovemertsin theob-
jective function value,followed by stagnatior{unlessa solu-
tion to thegivenprableminstances found). In this situation,
thenoisevalueis increasedIf thisincreasés notsuficientto
escapdrom thestagnatiorsituation,i.e., if it doesnotleadto
animprovemer in objedive function valuewithin a certain
numter of stepsthe noisevalueis furtherincreased Even-
tually, the noisevalueshouldbe high enaughthatthe search
process overcomeghe stagnationat which point, the noise
canbe gradwlly decrased,until the next stagnatiorsitua-
tion is detectedr a solutionto thegivenprodem instances
found.

Our firstimplemenation of the adaptie noisemechanism
usesverysimpletechniqiesfor thebasiccompamentsof stag-
nationdetection,noiseincreaseandnoisedecreae. As an
indicata for searchstagnatiorwe usea predcatethatis true
iff noimprovemen in objective function valuehasbeenob-
senedover thelastd - m searctstepswherem is the num-
ber of clausesof the given probleminstanceand§ = 1/6.
Every incrememal increasein the noisevalueis realisedas
wp = wp + (1 — wp) - ¢. the decremats are definel as
wp := wp—wp-2¢, wherewp is thenoiselevel andg = 0.2.

The asymmety betweenincreasesand deceasesin the
noisesettingis motivatedby the fact that detectingsearch
stagnatioris computationallymoreexpersive thandetecting
searchprogessandby the earlierobseration that it is ad-
vantagousto apprximate optimal noiselevels from abore
ratherthanfrom below. After the noisesettinghasbeenin-
creasedr decreaed,the curren objedive fundion valueis
storedand becomeshe basisfor measuringmprovement,
andhencefor detectingsearctstagnationAs acorsequence,
betweerincreaseén noiselevel thereis alwaysa phasedur-
ing which the trajectoy is mornitored for searchprogess
without further increaing the noise. No suchdelayis en-
forcedbetweersuccessie decreasem noiselevel.

It may be notedthat this adaptve noisemectanismuses
two internalparaneters,f and¢, thatcontiol its behaiour.

While it appears that this merely replace the problem of

tuning one paraneter, wp, by the potentially more difficult

problemof tuningthesenawn paraméers,the valuesof § and
¢ usedin this studyweredeterninedin preliminary expeii-

mentsandthenkept fixed throudhout the restof this study

In particular the samevaluesfor § and ¢ wereusedfor all

probleminstancesusedin our performane evaluation As

we will seein thenext sectionyarious WalkSAT algorithms,
when usingthe adaptve noisemechaism introducedhere,
achieve very impressve performarce for the samefixedval-

uesof § andg¢, while the samealgorithirs, for the samefixed
valueof wp perfam substantiallyworse.Thisindicaesthat,
while ouradaptve mechaism hassomepossibleinterral ad-
justmentstheseadjustmets donothaveto betunedfor each
probleminstanceor instancetype to achiese goad perfa-

mance.

Experimental Results and Discussion

Theadaptve noisemechairsm descriledin the previoussec-
tion canbeeasilyintegratedinto existing implementationsof
WalkSAT. In orde to evaluateits perfamanceagairst peak
perfomanceasobtainedfor manually tunedstaticnoise,we
condicted extensve compuational expeiments on widely
usedbencimark instancedor SAT obtaired from SATLIB
(Hoos & Stiitzle 200(). The benctmark set usedfor our
evaluationcompisesSAT-encoedblocksword andlogistics
planninginstancestwo typesof SAT-encoad gragh colou-
ing prodems,critically constraied Uniform Random3-SAT
instancesand SAT-encaled all-intenal-seriesprodems. In
addition,primarily to assesscalingbehaiour, we generatd
a new test-setof 100 critically corstrained,satisfiableUni-
form Random3-SAT instancesvith 400variabdesand170
clauseseach. The instancedabelleduf x- har d arethose
instancedrom the respectie critically constraied Uniform
Random-3SAT test-setswith the highestIsc for WalkSAT
usingmanudly tunedstaticnoise.

As can be seenfrom Table 1, Noveltyt with dynamic
noiseperfamsvery well, consideriig thefactthatit usedno
instance-specifiparametetuning, andkeepirg in mind that
whenusingthe standardstatic noisemechaism, especially
for hardandlarge instanceseven relatively small deviations
from the optimalnoisesettingcaneasilyleadto increasesn
Isc of morethananorderof magnitude. It maybe notedthat
the wealestperfamanceis obsered for the large DIMACS
graphcolouing instancesg125 17 andg125 18. Addi-
tional expeliments(notshavn here)indicatedthatby usinga
differert stagnatiorcriterion perfamanceonthesenstances
canbesignificantlyimproved this stagnatiorcriterion how-
ever, doesnot perform aswell on the otherinstancedested
here.Similarly, we obseredthatfor differentparaneterset-
ings § and ¢ of the dynanic noisemechanismthe perfa-
manceonalmostall instancesanbefurtherimproved. These
obsenationssuggesthatmoresophisticateanectanismsor
adjustingthe noiseshouldbe ableto achieve overall perfa-
manceimprovementsandin somecasesrelikely to exceal
the performarce of thebestknavn SLSalgorittmsfor SAT.

It is worth noting that in three cases,dynamic noise
achieves better perfamance than appox. optimal static
noise. At first glance,this might appearsurpising; how-
ever, it shouldbe notedthat the adapive noisemecharsm
doesnotmerelyattemptto find the optimal staticnoiselevel,
but is ratherbasedon the ideaof usingnoiseonly whenit is



instance nov+opt nov+dyn dyn/ opt

Isc noise Isc noise Iscratio
bw.l ar ge. a 9,388 0.40 12,156 0.47 +0.07 1.29
bw.l arge. b 197,649 0.35 212,671 0.30 +0.05 1.08
bwl arge. ¢ 7.57-10 0.20 8.77-10° 0.19 +0.02 1.16
| og.c 123,984 0.40 141,580 0.34 £ 0.03 1.14
flat 100- hard 139,355 0.60 111,772 0.44 £+ 0.07 0.80
g125.18 8,634 0.45 32,498 0.55 +0.04 3.76
g125.17 0.84-10° 0.25 1.41-10° 0.26 +0.03 1.68
uf 100- hard 38,473 0.55 41,733 0.46 +0.07 1.08
uf 250- har d 3.71-10° 0.55 2.92-10° 0.37 +0.02 0.79
uf 400- har d 22.9-10° 0.55 22.8-10° 0.32+0.01 1.00
ai s10 1.96 -10° 0.40 1.72-10° 0.33 +0.04 0.88

Table 1: Novety T with approx optimal static noisevs. dynamic noisemechanisnon individual bencimark instances.lIsc
estimatesrebasednatleast250runsfor all instancegxceptfor uf 400- har d, for whichonly 100runshave beencondicted.
For Novety* with dynamic noise, the meanandstandardieviation of the noiseover all runsarerepoted.
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Figure 3: Correlationbetweenlsc for Novelty * with opti-
mal static noisevs. dynamc noise mecharsm on test-set
f1 at 100- 239- 100.

actuallyneeded Neverthelessascanbe seenfrom conpar
ing the appox. optimal static noiselevels andthe statistics
over the noiselevelsusedby thedynanic variants thereis a
correldgion betweenthe noiselevels usedin both cases.An
interestingexcepion canbeobsened for thehardRandoms-
SAT instancesfor which the adapive noisemecharsm uses
noiselevelsthataresignificantlylowerthantheoptimalstatic
noisesetting. Generally the low vaiation in noiselevel for
the dynamic meclanismindicatesthat the noiselevels used
within runson anindividual instancearevery consistent.
Table 2 shaws the relative perfomance obtaired by
Noveltyt+ with dynamic vs. appox. optimal static noise
acrossfour of the test-setf instancesusedin our evalua-
tion. Interestinglythe dynanic noisevariart achieves a sig-
nificantly lower variation in Isc acrossall test-setsascanbe
seenby comparingthe respectie variationcoeficients(vc).
Furthemore,asillustratedin Figure3, thereis a very strong
correldgion betweenthe perfamanceof bothvariarts, with a
small but significanttendeng for dynamic noiseto achieve
lower Isc than static noiseon hard instances. This is con-
sistentwith the intuition that the adaptve noisemechanism
requiresa certainamount of time befae reachirg goad noise

levels. (This“homing in” phenanenoncanbeobsenred from
tracesof theactualnoiselevel over searchrajectoriesof the
algorithm notshawvn here.)

As notedearlier a significantadwantagefor corventioral
WalkSAT algaithms includng WalkSAT/SKC, Novelty T,
R-Novelty* with staticnoiselies in the factthatthey shav
memorylessbehaiour for optimd noiselevels. This makes
their performarce robust w.r.t. the cutof parameer and
provides the basisfor achiezing optimal speedp using a
straight-foward multiple indepemulenttries parallelisationt
turnsoutthatthe WalkSAT variarts with dynamicnoisealso
have this propety. In all casestherespectie RTDs canbe
approxmatedwell with exponential distributions, which is
indicative of the samememay-lessbehaiour as obseved
for apprx. optimalstaticnoise.

Sofar, we have only commaredrunttimesin termsof in-
dividud varialde flips. But obviously, the time-compexity
of thesesearchstepsalso needsto be taken into account
whenassessinghe perfamanceof the new WalkSAT vari-
ants with dynamic noise. The time-conplexity of search
stepswasmeasurean a PC with dualPentiumlll 733VIHz
CPUs,256MB CPU cache,and 1GB RAM ruming Redhat
Linux Version2.4.9-6smp It wasfound thatfor Novelty *, R-
Noveltyt, andWalkSAT/SLK on a broal setof benctmark
instancesthe CPU-timepervariableflip wastypically abaut
5-10%higher for the dynamic noisevariantcomparedto the
respectie versimswith standardstaticnoise. This confirms
thatevenwhenusinga straightforwardimplemenation, the
dynanic noisemechanisntausenly a minimal ovethead
w.r.t. thetime-canplexity of searchsteps. It may be noted
that in somecases,suchas for WalkSAT/SKC when run-
ning on bw. ar ge. ¢, searchstepswere up to 20% faster
for dynanic thanfor staticnoise. This is causedyy the fact
that the time-canplexity of WalkSAT searchstepsdepers
on the numker of unsatisfiedclauseswhich in thesecases
dropsmorerapidy in theinitial searctphasewhenusingthe
adaptve noisemechaism.

Due to spaceconstraintsjn this paperwe repat perfa-
manceresultsfor Noveltyt with dynamicnoiseonly. We ob-
tained,however, empiiical eviderce indicatirg thatthe same
adaptve noise mecharsm appearso work well for Walk-
SAT/SKC andR-Novelty *. Usingthe samevalues for § and
¢ asin the presen study the perfamance(lsc) achieved by



test-set Iscfor nov+opt Iscfor nov+dyn
mean cv  median mean cv  median
flat100-239 17,205 1.18 10,497 21,102 1.07 13,231
flat200-479 495,018 1.70 241,81 573,176 1.47 317,787
uf 100- 430" 2512.8 2.98 898.5 25509 2.16 11218
uf 250- 1065 53,938 5.26 8,755 64,542 4.72 13,015

Table2: Novety+ with dynamic vs. appra. optimalstaticnoiseonvarious setsof berchmarkinstances(x) Thedatafor test-set
uf 100- 430 wascompued for 100randonly selectednstancedrom thatset. ‘cv’ dendesthe coeficient of variatim, i.e.,
stdde/mean,of the distribution of Isc acrosgherespectie test-sets.

R-Novdtyt with dynamic noiseis within a factorof 1.5 of
the perfomanceobtainel usingappox. optimal staticnoise
settingsfor 8 of the 11 instancedisted in Table 1; in four

of thesecases,usingdynamic noiseresultsin substantially

better perfamanethan using apgox. optimal static noise.
Even betterperfomancecanbe achieved for slightly differ-
entd and¢ settings.Similar resultswereobtainedfor Walk-
SAT/SKC; full repats ontheseexperimentswill beincluded
in anextended versionof this pape (currently availableasa
technicalreport)

Conclusions

We have chaacterisedthe noiseresponseof WalkSAT al-
gorithms andintroducedan adaptve noise mechanisnthat
achieve very goodperfamanceon a broad rangeof widely
usedenchnarkprodemswhencompaedto thepeakperior-
manceof traditionalvariantsof WalkSAT with staticnoise.

In principle, this adapive noisemecharsm is easily ap-
plicableto a muchwider range of stochastidocal searchal-
gorithms for SAT and other comhbnatorial problems. This
is particdarly attractve for other highperfamancealgo-
rithms, such as WalkSAT/TABU (McAllester, Selman, &
Kautz1997 andGSAT with tatu lists (SelmanKautz,& Co-
hen1994, DLM (Wu & Wah 1999, or ESG (Schwrmars,
Southy & Holte 2001), which all have paranetersthat are
in mary waysanal@ousto the noiseparaneterin the Walk-
SAT variantsstudiedhere. While theimplemenation of our
adaptve noisestrat@y for thesealgoithmsis ratherstraight-
forward, its effectivity in termsof achieving goad androbust
perfamanceremaingo beshawn.

Anothe avenuefor further investigationis the develop-
ment and analysisof different and improved criteria for
searctstagnatiorwhich canbeusedwithin ourgerericadap-
tive mecharsm. We stronglybelieve thatthe simplestagna-
tion criteriastudiedherecanbe substantiallyimproved e.g.,
by includng measuresuchassearchmobility (Schuumans
& Southy20) ortheonesusedn McAllesteretal.’sinvari-
ants(McAllester, Selman& Kautz1997. Furtherimprove-
mentsof the noiseadapion mechaismandof adaptve SLS
algorithmsin generakouldpossiblybeachieved by integrat-
ing simple searchspaceanalysistechniqes into the search
contrd. Anotherpromising avente for furtherinvestigation
is to studythe useof machinelearnirg techniqiesfor iden-
tifying featuesthatareeffective for detectingsearctstagna-
tion or for predictingoptimd noisevalues.

Finally, it shouldbe notedthat the deepe reasos under
lying the characteastic shapeof the noiseresponseurve for
WalkSAT algorittmsandthe shapeof thecorrespondig run-
time distributions are unkrown. Sincetheseare intimitely
conrectedto crucialaspect®f SLSbehaiour, furtherinves-

tigationin this directioncould leadto improvements in our
understading of curren SLSalgoritrmsandin the designof
futuremethals.
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