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Abstract This paperpresentsiew resultsshaving that a very simple stochastichill climbing algorithmis asgoodor
betterthanmorecomplex metaheuristienethod<or solvinganoversubscribedchedulingproblem:schedul-
ing communicatiorcontactson the Air ForceSatelliteControl Network (AFSCN). Theempiricalresultsalso
suggesthatthebestneighborhoodonstructiorchoicesproducea searchthatis largely agreedyrandomwalk
of thegraphinducedby the completeneighborhood.
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1. INTRODUCTION

Local searchrandmetaheuristicearchmethodshatareusedin conjunctionwith local searchsuch
as Talu searchand simulatedannealing have proven to be both robust and effective acrossa wide
rangeof combinatorialoptimizationproblems. Yet our understandin@f local searchis largely intu-
itive: modi cations to goodsolutionsarelikely to leadto the discovery of othergoodsolutions. No
FreeLunch proofsshav thatin the generalcasethis intuition is wrong; local searchis no betterthan
randomsearchover all possiblefunctions(WolpertandMacready1995). Of course we generallyas-
sume(without proof) thatthe problemswherelocal searchs foundto be effective have someinherent
structurethatis beingleveragedoy local search.

Anothercommonassumptioris thatcarefully craftedneighborhoodsregenerallybetterthanmore
randomneighborhoods.The choiceof neighborhoods always a compromise. The neighborhoods
needenoughconnectiity to assurehatthe spacebetweerrandomstartingpointsandoptimacanbe
traversedin a reasonableumberof steps.Over all possiblefunctions,the expectednumberof local
optimais determinedy neighborhoodaize.For a searctspaceof S pointsanda neighborhoof size
k, theexpectechumberof localoptimafor arandomlychoserfunctionis S=k+ 1 (Whitley etal.,1997).
Largeneighborhoodsesultin few local optimain expectation However, toolargeaneighborhoodnay
meantoo muchtime spentdecidingon eachstep. Givenn tasksto schedulean O(n?) neighborhood
canbevery costlyto evaluateif oneis usingsteepestiescentocal search.

This paperexaminesthe effect of neighborhoodchoiceon the performanceof local searchon a
largerealworld application:schedulinghe Air ForceSatelliteControlNetwork (AFSCN)(Barhkulescu
et al., 2004b). Approximately500 contactswith earthorbiting satellitesfrom a setof 16 antennas
arescheduledn each24 hour period. This problemhasbeenshavn to be N P-complete(Barkulescu
et al., 2004b). For the AFSCN schedulingoroblemwith 500 tasks,the shift neighborhoods of size
w = 124 750 Yet, othermethodssuchasgeneticalgorithmsandsqueal-wheeloptimization
(JoslinandClements,1999), nd goodsolutionsusinglessthan50,000evaluations.Steepestescent
local searchwith this neighborhooaton gurationis simply not competitve.

This paperexaminesthe biasfoundin four variationson the shift neighborhoodindernext descent
local searchWe considercombination®f two binary characteristic¢seeTablel): sizeandorder For



Sizen Order Structured Unstructured
Full | N1: Ordered N2: RandomUnrestricted
Restricted| N3: InteractionRestricted| N4: RandomRestricted

Tablel. Theneighborhoodypesdiscussedn thispaper

size,neighborhoodsreeithercomplete(the full O(n?) neighborhoodpr arerestricted.For order the
neighborhoodsareeitherstructuredn someway or they arerandomsampleof larger neighborhoods.
TherestrictedandstructurecheighborhoodN3) is designedo exploit taskinteractionghatareknowvn
to impactscheduleguality.

Theresultson 12 daysof actualdatashav thatlocal searchwith the right choiceof neighborhood
is just as effective as a geneticalgorithmor squeal-wheel optimization. What is more surprising
is that the normalintuitions aboutwhatis the right choiceof neighborhooddo not hold for AFSCN
schedulingRandomlyconstructecdheighborhoodsdravn from theunrestrictedull neighborhoogield
the bestperformance.Furthermorethe bestlocal searchmethodappeargo be nothingmorethana
greedyrandomwalk of the graphinducedby the searctmeighborhood.

2. AFSCN SCHEDULING

AFSCNschedulingconsistof schedulingcommunicatiorrequestgor earthorbiting satellitesfrom
asetof 16 antennasit 9 ground-basetrackingstations.Customersubmitrequestshatarescheduled
by humansin a comple arbitrationprocess.This problemis an instanceof a single machineprob-
lem wjth releaseand due dateswherethe objective is to minimize the numberof late jobs, denoted
1rjj U; in the machineschedulingditerature(Pinedo,2002). A formal speci cationand proof for
N P -completenessf this problemarefoundin (Barkulescuet al., 2004b). We provide herea quick
introductionof therelevantproblemcharacteristics.

AlthoughAFSCNstartsasanoversubscribedchedulingproblem,all jobsareeventuallyscheduled
throughnegotiating relaxed task requirementsso our automatedschedulereduceshe effort of the
humanschedulerdy minimizing oneof two objective functions:1) thetotalnumberof tasksin con ict
or 2) thesumof overlapsbetweercon icting tasks.

In the currentformulation, satellitesare groupedaccordingto their orbits: low-altitude and high-
altitude. Figure 1 depictsan exemplarrequesffor eachaltitude. Low-altituderequestgtop) typically
have shortvisibility windows (15 minutes)during which a single contactrequestcan be scheduled;
thesetasksusuallyhave few schedulingalternatves. In contrast high-altituderequestgbottom)have
longerdurationg20 minutesor more)with muchlargervisibility windows. Theschedulinglternatves
caninclude differentgroundtracking stations. Both requesttypesinclude information aboutwhich
groundstationsandtimesarepossiblealternatves.

Low Altitude request

High Altitude —{ request ‘ . 4|

Figure1l. An idealizedexampleof low-altitude(top) andhigh-altitude(bottom)requestsn AFSCN.Low-altituderequests
have shortvisibility windows (15 minutes)with few alternatve resourcesHigh-altituderequestdiave muchlargervisibility
windows andarelonger(20 minutesor more);theserequestoftenhave mary alternatve resources.




ID Date Size #Low #High BestConicts BestOverlaps
Dayl 10/12/92 322 153 169 8 104
Day2 10/13/92 302 137 165 4 13
Day3 10/14/92 311 146 165 3 28
Day4 10/15/92 318 142 176 2 9
4
6
6

Day5 10/16/92 305 142 163 30
Day6 10/17/92 299 144 155 45

Day7 10/18/92 297 142 155 46
Mar07 03/07/02 483 225 258 42 773
Mar20 03/20/02 457 194 263 29 486
Mar26 03/26/03 426 183 243 17 250
Apr02  04/02/03 431 185 246 28 725
May02 05/02/03 419 178 241 12 146

Table2. Problemcharacteristicéor the 12 daysof AFSCNdatausedin our experimentsliD is usecto identify theinstance
throughouthe paper Sizeis thenumberof request$n theproblem.# Lowand# High arethe numberof low andhigh-altitude
requests$n eachproblem.Bestcon icts andbestoverlapsarethe bestknowvn valuesfor eachproblemfor thesetwo objective

functions.Thebestvaluefor Mar07is anew bestvalue(the prior bestwas774).

Our AFSCNdatasetonsistf 12 daysof realdataidenti ed by their dates.Table2 shavs charac-
teristicsfor theseprobleminstancesThe sevenolderdaysof dataaresmallerproblemsthatareeasily
solved by mostof theapproachewe have tried. The ve newer daysaresubstantiallyargerproblems
thataremoredif cult.

3. NEIGHBORHOOD SEARCH

We encodepotentialsolutionsusinga permutation of then taskiDs, [1::n]. A schedulebuilder is
usedto generatesolutionsfrom the permutation.In effect, the permutation actsasa priority queue,
andthe scheduleuilder placestaskrequestsn the scheduldasedon the orderthatthey appeaiin
Eachtaskrequests assignedo the rst availableresourcdromits list of alternatvesandattheearliest
possiblestartingtime. This assignmentreatsthelist of alternatvesasarankorder althoughtheactual
orderingis arbitrary

Whenminimizingthenumberof con icts, if therequestannoteschedulednary of thealternatve
resourcesit is droppedfrom the scheduldi.e., bumped).Whenminimizing the sumof overlaps,if a
requesttannotbe scheduledvithout con ict on ary of the alternatve resourcesit is placedso asto
createthe minimal overlapwith previously scheduledequestsThelasttwo columnsof Table2 shav
thebest-knavn valuesfor both evaluationfunctions.

Weimplementednext-descenhill-climber thatemplo/s theshiftoperatorwe accepnew solutions
thatarebetteror equallygood. Froma currentsolution , a neighborhoods de ned by considering
all (n  1)? pairs(x;y) of positionsin , subjectto the restrictionthaty 6 x 1. The neighbor

° correspondingo the positionpair (x; y) is producedby shiftingthe job at positionx into position
y, while leaving all otherrelative job ordersunchanged.If x < y, then © = shift ( ;x;y) =
( )z (x1); (x+21);:0 (y); (X); (y+ 1)z (n). lf x>y, then = shift ( ;x;y) =
( Qe (v 1); X); (Wren (xo 1), (x+ 1)z (n)). Thepseudocodéor thehill-climber
andneighborhoodariantsareshavn in Figure2.

3.1 CompleteNeighborhoodsfor AFSCN

Due to the discretenatureof the evaluationfunctionsand the in uence of the schedulebuilder,
most of the optionsin the shift neighborhoodare equivalent— stepson a plateau. Approximately



N1-hill-climber () N2-hill-climber () Restricted-hill-climber (;6)

for num -evals from 1 to 50000 for num -evals from 1 to 50000 for num -evals from 1 to 50000
dox random (N) dox vy O dox y O
0 whilex = yorx=y 1 whilex = yorx=y 1
fory fromOtoN 1 dox random (N) dox random (N)
doifx=yorx=y 1 y  random (N) y  pos( ;r-adj (x; G))
then continue 0 shift (;x;y) 0 shift (;xy)
shift ( ;x;y) ifeval ( 9 eval () ifeval ( 9 eval ()
ifeval () eval( 9 then N then
then © return return
return ©

Figure2. Pseudocodéor eachof the algorithmswe usein this paper N1-hill-climber selectsa randomx position
andshiftsit into all otherpossiblepositions. N2-hill-climber selectsrandomx andy positions. restricted-hill-
climber selectaarandomx andchoosey from thetasksadjacento vertex x in theinteractiongraphG. In thispseudocode,
random (N) returnsanrandominteger uniformly from (O; N 1), r-adj (x; G) returnsthe label of a randomlyselected
adjacenneighborof x in G, andpos( ; value) returnsthe positionof value in

40% of the entireneighborhoodesultsin exactly the sameschedule(Barkulescuet al., 2004a);closer
examinationrevealsthat 60-80%areequal-aluedthoughthey aretranslatednto differentschedules.
Our rst intuition wasto usea structured,completeneighborhood. The N1 orderedneighborhood
randomlychoosestask(i.e., a permutatiorposition)x, andthenevaluateghe neighborgroducedy
systematicallyshifting x into ead possiblen 1 otherpositions;if no positionis acceptableanotherx
is selectedvithoutreplacementUnfortunatelyalthoughsystemati@andeasyto programwe foundthis
neighborhoogherformedpoorly (Barkulescuetal., 2004a).Furtherinvestigationshaved a detrimental
interactionbetweerthe domainandthe scheduleouilder. Whena shift producesa poorerevaluation,
it usuallysignalsthatx is now blocked by the earliertaskandno shift of x laterin the schedulecan
affect thatblockage but mary evaluationsmay be expendedrying. If we countthe kinds of moves
seenduring searchunderN1, morethan80% of the considerecchangesesultin worseevaluations;
of the remaining20% (which constitutethe actualmovestaken), mostare plateaumoves (equivalent
evaluations)andonly a few are actuallyimproving moves. This neighborhoodnducesa signi cant
negative biasagainsimproving or equalmoves.

To mitigatethis bias,the N2 unrestrictecheighborhoodperatorrandomlyselectsboth x, the task
to be shifted,andy, the new positionwherex is to beinserted.Searchalgorithmsthatusethis type of
randomneighborhoodnove are called“StochasticHill Climbers"becausahey do not systematically
explore a neighborhoodAckley, 1987). N2 resultsin a major performancemprovement,producing
performanceompetitve with the bestprevious solutions.

3.2 Restricted Neighborhoodsfor AFSCN

Restricted“critical path" neighborhoodsre key to achiering good performancen job-shopand
0 w-shopschedulingdomains.Giventhat40%of shiftsresultin no changeo theschedulén AFSCN,
onewould expectthatrestrictingthe searcmeighborhoodo only thetasksthatinducea changewould
producemoreef cient search.

Givenatasku to be moved, the N3 move operatorrestrictsneighborsto only thosetasksthat are
known to interactwith u. More formally, for tasksu andv we de ne inter acts(u; v) = trueif, on
the sameresourcey ry dyorry, dy dy, wherer andd arethe releaseand due dates,
respectrely. Given alternatve schedulingresourcesiwo tasksinteractwhenthey contendon one
or morecommonresources.The “interaction” heuristicbearssomeresemblancéo othercontention
measuressuchasthe SumHeightheuristic(Beck et al., 1997),wherecontentionis measuredcross
resourceslnteractionusesa similarideabut expresseshe pairwise contentionacrosgasks.
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Figure 3.  An exampleof interactionbetween ve requestscheduledbn four resources For this idealizedproblem,the
edgesetE = ffA;Bg;fA; Cg;fA; Dg;fB;Cg;fD; Egg.

Taskinteractioncan overestimatehe actualamountof contentionin the schedule.It includesthe
entiretime window (from releaseo duedate)anddisregardsprocessingime. In somesituations,it
may be possibleto scheduleboth taskswithin their respectie time windows on the sameresource.
Oneof thetaskscould alsobe scheduledn anotheralternatve resource We calculatepairwise task
interactionfor all tasksto build an undirected,unweightedgraphwhere verticesare the tasksand
existing edgesndicateinteraction.

Definition 1 Aninteractiongraph, G, is an undirectedgraph,G = (V; E), wheee the setof vertices )V , is the setof
schedulingtasksand E consistsof edgesbetweenverticesf u; vgj u; v 2 V;u 6 v;inter acts(u;v) = tr ue.

The interactiongraphis designedo provide information aboutthe potentialcon ict betweenall
pairsof tasksn thescheduleFigure3 shavs asimpleinteractiongraphfor anidealizedoversubscribed
problem.Note thatinteractionis nottransitive; it is possiblefor two tasksthatdo notinteractto both
interactwith athird task. This cases shavn in theexample wheretasksA andE bothinteractwith D,
but notwith eachother

We calculatethe interactiongraphsfor all daysof data. The computationatostof calculatingthe
interactiongraphis small (lessthana second). Figure 4 illustratesthe largestconnecteccomponent

Figure 4. A force-directedayout of the largestconnecteccomponenin G for Mar07. The problemcontainsa single
connecteccomponenthat spansmost(92%) of the problem;the remainingtaskshave zerodegree. High-altitudetasks(in
red)arethe mostconnectedasksandareusuallyin the center Low-altitudetasks(in blue)arelessconnectedndtendto be
alongthe outsideof the graph.



Tasks | Connected Avg. Degree L Tasksof ZeroDegree
Day1l 322 295 6.01 4.61 27(0.083)
Day2 302 273 6.31 461 29(0.096)
Day3 311 281 6.10 4.60 30(0.096)
Day4 318 289 6.20 4,57 29(0.091)
Day5 305 274 6.20 461 31(0.102)
Day6 299 274 6.05 4.65 25(0.084)
Day7 297 271 6.10 7.01 26(0.088)
March0702 483 440 8.32 3.80 43(0.089)
March2002 457 426 8.78 3.67 31(0.068)
March2603 426 396 7.38 4.02 30(0.070)
April0203 431 396 7.14 4.96 35(0.081)
May0203 419 388 7.09 5.03 31(0.074)

Table3. Characterizatioof G for eachdayof AFSCNdata.The rst columnshavs thenumberof tasksin the problem;the
seconashavs the numberof tasksconnectedo the largestconnecteccomponent.The next two columnsshav the average
degreeandthe averagepathlength,L. The last shavs the numberof zerodegreetasksin eachproblem. The numberin
parenthesiss theratio of zerodegreetasksin the problem.

of G for MarQ7; this componenincludes92% of the vertices. Tasksareroughlyin orderby ID from
left-to-right. Table3 shavs a summaryof thelargestconnectedomponentor all thedaysof data.The
connectednessf thesegraphsis sparsqjE]j (1) < O(n?)) andshaws alow averagepathlength
betweerary two tasks.

TheN3 move operatoiusesG to restricttheneighborhoodxploredby local searchthegoalof using
N3is to focussearctonthoseadjacenhew solutionsthatforceachangen thescheduleWeiteratively
choosea randompositionx andshift the taskin that positionto the positionof a randomlyselected,
interactingneighbor N3 dramaticallyreducesheneighborhoodizefrom O(n?) to theaveragedegree
pervertex (se€Table3, column’Avg. Degree'). SoN3 alsoreduceghe expectechumberof neighbors
evaluatedbeforeselectinga move.

To controlfor the effectsof the structurein the neighborhoodye alsoimplementeda fourth neigh-
borhood:a random restrictedneighborhood.The N4 move operatorcreatesa randomgraphwith the
samedgyreepervertex astheinteractiongraph.Eachedgein the randomrestrictedgraphis randomly
connectedo anotherrandomlychosentask (excluding itself). N4 shifts the taskin positionx to a
randomlyselectecheighborin thegraph.

4. EXPERIMENTS

We rst compareheperformancef thefour neighborhoodsTable4 shavsthe nal evaluationdis-
tributionsfor 50,000evaluationsover 90 runs.N1 reacheshe best-knavn valuesmuchlessfrequently
thanthe otherthreeneighborhoodswhile the otherneighborhoodsippearequivalent. We focus our
analysison thedifferencegoundbetweerthe unrestrictedandrestrictedneighborhoods.

Althoughthe minimumvaluesof N2, N3 andN4 areidentical,the meansand standarddeviations
vary. Table4 lists the p-valuesfor the N2 (unrestrictedneighborhoodomparedo eachof the other
threeneighborhoodsisinga one-tailed-test.In nearlyall casesthe N2 distributionshave lower means
andaresigni cantly differentthanthe distributions of the resultsof otherneighborhoods.Thus,the
restrictedneighborhoods&urtmorethanthey helpsearchfor AFSCN.

In addition, informed restriction(N3) doesnot dominaterandomrestriction(N4). Using a t-test
(< :05), N4 is signi cantly betteron Day1, Day2, Day3,andDay5 in both evaluations;it is also
betteron AprO2in minimizing con icts.



N1 N2 N3 N4
p min min p min p  min

Dayl || - 9 1107 132| 8 8.06 0.23]| - 8 9.64 093] - 8 9.19 0.98

Day2 || - 4 5.03 102| 4 4.00 0.00 4 486 0.83| - 4 451 0.67

Day3 || - 4 6.74 147| 3 3.00 0.00| - 3 336 061 - 3 3.18 041

Day4 || - 4 6.99 155| 2 2.00 0.00| - 2 280 062 - 2 298 0.65

Day5 || - 4 6.90 123| 4 409 029| - 4 542 081 - 4 511 0.76

Dayé6 || - 6 9.70 167| 6 6.00 0.00| - 6 6.29 046 | - 6 6.46 0.64

Day7 || - 6 791 112 6 6.00 0.00| - 6 6.44 0.66| - 6 6.31 0.51

Mar07 || - 53 58.02 255| 42 4204 021 - 42 4290 0.75| - 42 4287 0.78

Mar20 || - 32 40.27 270| 29 29.01 0.11]| - 29 2913 034 - 29 29.29 0.46

Mar26 || - 21 2594 214| 17 1712 0.33| .77 17 17.09 0.29| .02 17 17.24 0.43

Apr02 || - 32 36.28 2.17| 28 28.00 0.00| - 28 28.87 1.00| - 28 28.59 0.86

MayO2 | - 14 16.79 1.49| 12 1200 0.00| ns 12 12.00 0.00| * 12 12.08 0.27

N1 N2 N3 N4
p min min p min p min

Dayl | - 104 172.18 33.29| 104 10573 149 | - 104 120.30 15.76 | - 104 11249 8.52
Day2 | - 13 36.57 17.20| 13 13.00 0.00 | - 13 29.72 16.63| - 13 21.80 10.91
Day3 | - 35 8222 2486| 28 28.00 0.00 | - 28 3137 6.77 | - 28 2943 417
Day4 || - 19 64.82 27.89| 9 913 072 | - 9 20.67 11.95| - 9 20.64 10.43
Day5 | - 31 6541 22.00| 30 30.01 0.11 ]| - 30 47.13 13.65| - 30 41.23 10.59
Day6 | - 50 96.98 27.60| 45 45.00 0.00 | - 45 49.03 8.83 | - 45 4731 6.58
Day7 | - 49 8759 2538| 46 46.00 0.00 | - 46 4790 514 | * 46  47.16 3.77
Mar07 || - 1173 1364.28 89.46| 773 77859 7.64 | - 773 788.43 1330| - 773 787.81 14.27
Mar20 || - 697 852,50 73.47| 486 495.08 6.32 | - 486 501.36 1251| - 486 501.33 13.07
Mar26 || - 425 624.23 8252| 250 258.96 25.67| .38 250 260.14 25.50| .07 250 266.22 39.11
Apr02 || - 958 99526 68.72| 725 73142 13.76| - 725 754.80 29.63| - 725 756.96 22.54
May02 | - 170 243.76 28.71| 146 146.00 0.00 | ns 146 146.00 0.00 | * 146 146.33 1.25

Table4. Summarystatisticor the nal evaluationdistributionsof con icts (uppertable)andoverlaps(lowertable). These
statisticsaaretakenover 90 runsof 50,000evaluationseach.P-valuesarecomputecbetweerunrestrictecsearchandrestricted
searchusingaone-tailed-testthatonedistribution is lower. High valuesarewritten asnumbers Otherwisea dashindicates
signi canceatthe < :0001level; astarindicatessigni canceatthe < :01level; insigni canceis marledby "ns'.

We conjecturghatunrestrictedsearchN2) corvergesto thebestknovn valuesmorefrequentlythan
restrictedsearc{N3 andN4). To judgethis hypothesisywe countedhenumberof converging andnon-
cornverging runs(out of 90) of thesethreeneighborhood$or eachday of data. We thenperformeda

2 testthatthe proportionof corverging runswasthe samefor N2 ascomparedo N3 andN4. Mar26
andMay02 hadsimilar counts,sothe testwasnot signi cant. For the otherten daysof data,this test
revealedthatthe succes®f corvergencesigni cantly depend®nthe neighborhoodp < :01).

Onehypothesidor suchvariancen the performancef thesealgorithmsis thatnon-cowerging runs
getstuckon large, suboptimalbasins. If this weretrue, one might expectthe nal evaluationsto be
distributed somevhat uniformly above the best-knavn values. We examinedhistogramsof the nal
evaluationsover 90 runsandfound thatthe non-cowerging runsendcloseto the bestknown values.
N2 almostalways getsmore runs closer but the differenceis still small. For minimizing con icts,
N2 usuallygetswithin onecon ict while N3 usuallygetswithin threecon icts. For overlaps.thereis
slightly morecomplex behaior. Onthesevenolderdaysof data,N2 nds solutionswithin oneor two
units of overlapwhile N3 usuallygetswithin 100. Onthe ve new daysof data,N2 andN3 closely
mimic eachothers' nal evaluations.Mostrunsreachwithin 100of the bestknown values.

To assesdocal differencesin neighborhoodsye also examinedthe numberof improving, non-
improving, andequalmovesundereachneighborhoodFor theimproving moves,we alsohistogranthe
changen evaluation.We attemptedo correlatethesechangesn evaluationwith speci c tasksor task
attributes,but found little correspondencef mave quality with problemspeci ¢ information. These
results,coupledwith thelack of competitve advantagefor N3 over N4, leadusto the nal conclusion



in our examinationof our structuredestrictecheighborhoodthe structurednteractiongraphprovides
little advantageover arandomlyselectedestriction.Thesegraphsdoreducetheneighborhoodbut still
remainconnectegnoughsuchthatthey can nd reasonablsolutions.

5. SUMMARY AND FUTURE WORK

We examinedthe effects of problemmotivatedstructureand restrictedneighborhoodsize on the
performanceof neighborhoodperatordor a real world schedulingapplication, AFSCN. Following
corventionalwisdom,we hypothesizedhatwe couldreducethe neighborhoodisingproblemspeci ¢
structurein arestrictednheighborhoodTheresultwassomevhatsurprisingin thatthis signi cantly de-
gradedperformancdaccordingo aone-tailed-test). Searctusingarestrictecheighborhoodorverges
to the best-knavn valueslessfrequentlyandshavs no majorimprovementin taking stepsthatchange
the evaluationary morethanunrestrictedsearch.Moreover, randomlyrestrictedsearchsigni cantly
outperformsstructuredestrictedsearchor almosthalf of the problems.

For AFSCN, a restrictedneighborhoodnarkedly underperformsan unorderedfull neighborhood
in next-descentocal search.Our evidencesuggestshat the searchis a randomwalk. We conjecture
that searchcanbe modeledasa Markov chain,andwe are currently developinga model of the shift
neighborhoodor unrestrictegearch Preliminaryresultsindicatethatthis modelmaybequiteaccurate
for AFSCN.We arealsoextendingtheseanalyseso anotheroversubscribedchedulingdomain.
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