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Abstract This paperpresentsnew resultsshowing that a very simplestochastichill climbing algorithmis asgoodor
betterthanmorecomplex metaheuristicmethodsfor solvinganoversubscribedschedulingproblem:schedul-
ing communicationcontactson theAir ForceSatelliteControlNetwork (AFSCN).Theempiricalresultsalso
suggestthatthebestneighborhoodconstructionchoicesproduceasearchthatis largelyagreedyrandomwalk
of thegraphinducedby thecompleteneighborhood.
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1. INTR ODUCTION

Local searchandmetaheuristicsearchmethodsthatareusedin conjunctionwith local search,such
asTabu searchandsimulatedannealing,have proven to be both robust andeffective acrossa wide
rangeof combinatorialoptimizationproblems.Yet our understandingof local searchis largely intu-
itive: modi�cations to goodsolutionsarelikely to leadto the discovery of othergoodsolutions.No
FreeLunchproofsshow that in thegeneralcasethis intuition is wrong; local searchis no betterthan
randomsearchover all possiblefunctions(WolpertandMacready, 1995).Of course,we generallyas-
sume(without proof) thattheproblemswherelocal searchis foundto beeffective have someinherent
structurethatis beingleveragedby localsearch.

Anothercommonassumptionis thatcarefullycraftedneighborhoodsaregenerallybetterthanmore
randomneighborhoods.The choiceof neighborhoodis always a compromise.The neighborhoods
needenoughconnectivity to assurethat thespacebetweenrandomstartingpointsandoptimacanbe
traversedin a reasonablenumberof steps.Over all possiblefunctions,the expectednumberof local
optimais determinedby neighborhoodsize.For asearchspaceof S pointsandaneighborhoodof size
k, theexpectednumberof localoptimafor arandomlychosenfunctionisS=k+ 1 (Whitley etal.,1997).
Largeneighborhoodsresultin few localoptimain expectation.However, toolargeaneighborhoodmay
meantoo muchtime spentdecidingon eachstep.Givenn tasksto schedule,anO(n2) neighborhood
canbeverycostlyto evaluateif oneis usingsteepestdescentlocalsearch.

This paperexaminesthe effect of neighborhoodchoiceon the performanceof local searchon a
largerealworld application:schedulingtheAir ForceSatelliteControlNetwork (AFSCN)(Barbulescu
et al., 2004b). Approximately500 contactswith earthorbiting satellitesfrom a setof 16 antennas
arescheduledin each24 hourperiod.This problemhasbeenshown to beN P-complete(Barbulescu
et al., 2004b). For the AFSCN schedulingproblemwith 500 tasks,the shift neighborhoodis of size
500(499)

2 = 124; 750. Yet, othermethods,suchasgeneticalgorithmsandsqueaky-wheeloptimization
(JoslinandClements,1999),�nd goodsolutionsusinglessthan50,000evaluations.Steepestdescent
localsearchwith this neighborhoodcon�gurationis simplynot competitive.

This paperexaminesthebiasfoundin four variationson theshift neighborhoodundernext descent
localsearch.Weconsidercombinationsof two binarycharacteristics(seeTable1): sizeandorder. For



Sizen Order Structured Unstructured
Full N1: Ordered N2: RandomUnrestricted

Restricted N3: InteractionRestricted N4: RandomRestricted

Table1. Theneighborhoodtypesdiscussedin thispaper.

size,neighborhoodsareeithercomplete(thefull O(n2) neighborhood)or arerestricted.For order, the
neighborhoodsareeitherstructuredin someway or they arerandomsamplesof largerneighborhoods.
Therestrictedandstructuredneighborhood(N3) is designedto exploit taskinteractionsthatareknown
to impactschedulequality.

Theresultson 12 daysof actualdatashow that local searchwith theright choiceof neighborhood
is just as effective as a geneticalgorithmor squeaky-wheel optimization. What is moresurprising
is that the normal intuitions aboutwhat is the right choiceof neighborhooddo not hold for AFSCN
scheduling.Randomlyconstructedneighborhoodsdrawn from theunrestrictedfull neighborhoodyield
the bestperformance.Furthermore,the bestlocal searchmethodappearsto be nothingmorethana
greedyrandomwalk of thegraphinducedby thesearchneighborhood.

2. AFSCN SCHEDULING

AFSCNschedulingconsistsof schedulingcommunicationrequestsfor earthorbitingsatellitesfrom
asetof 16antennasat9 ground-basedtrackingstations.Customerssubmitrequeststhatarescheduled
by humansin a complex arbitrationprocess.This problemis an instanceof a singlemachineprob-
lem with releaseandduedateswherethe objective is to minimize the numberof late jobs, denoted
1jr j j

P
Uj in themachineschedulingliterature(Pinedo,2002). A formal speci�cationandproof for

N P-completenessof this problemarefound in (Barbulescuet al., 2004b). We provide herea quick
introductionof therelevantproblemcharacteristics.

AlthoughAFSCNstartsasanoversubscribedschedulingproblem,all jobsareeventuallyscheduled
throughnegotiatingrelaxed taskrequirements;so our automatedschedulerreducesthe effort of the
humanschedulersby minimizingoneof two objective functions:1) thetotalnumberof tasksin con�ict
or 2) thesumof overlapsbetweencon�icting tasks.

In the currentformulation,satellitesaregroupedaccordingto their orbits: low-altitudeandhigh-
altitude. Figure1 depictsanexemplarrequestfor eachaltitude. Low-altituderequests(top) typically
have shortvisibility windows (15 minutes)during which a singlecontactrequestcanbe scheduled;
thesetasksusuallyhave few schedulingalternatives. In contrast,high-altituderequests(bottom)have
longerdurations(20minutesor more)with muchlargervisibility windows. Theschedulingalternatives
can includedifferentgroundtrackingstations. Both requesttypesinclude informationaboutwhich
groundstationsandtimesarepossiblealternatives.

Low Altitude

High Altitude . . . request

request

Figure1. An idealizedexampleof low-altitude(top)andhigh-altitude(bottom)requestsin AFSCN.Low-altituderequests
have shortvisibility windows (15minutes)with few alternative resources.High-altituderequestshave muchlargervisibility
windows andarelonger(20minutesor more);theserequestsoftenhave many alternative resources.



ID Date Size # Low # High BestCon�icts BestOverlaps
Day1 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
Day5 10/16/92 305 142 163 4 30
Day6 10/17/92 299 144 155 6 45
Day7 10/18/92 297 142 155 6 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. Problemcharacteristicsfor the12daysof AFSCNdatausedin ourexperiments.ID is usedto identify theinstance
throughoutthepaper. Sizeis thenumberof requestsin theproblem.# Lowand# High arethenumberof low andhigh-altitude
requestsin eachproblem.Bestcon�icts andbestoverlapsarethebestknown valuesfor eachproblemfor thesetwo objective
functions.Thebestvaluefor Mar07is a new bestvalue(theprior bestwas774).

Our AFSCNdatasetconsistsof 12 daysof realdataidenti�ed by theirdates.Table2 shows charac-
teristicsfor theseprobleminstances.Thesevenolderdaysof dataaresmallerproblemsthatareeasily
solvedby mostof theapproacheswe have tried. The� venewer daysaresubstantiallylargerproblems
thataremoredif�cult.

3. NEIGHBORHOOD SEARCH

Weencodepotentialsolutionsusingapermutation� of then taskIDs, [1::n]. A schedulebuilder is
usedto generatesolutionsfrom thepermutation.In effect, thepermutation� actsasa priority queue,
andtheschedulebuilder placestaskrequestsin theschedulebasedon theorderthatthey appearin � .
Eachtaskrequestis assignedto the�rst availableresourcefrom its list of alternativesandat theearliest
possiblestartingtime. Thisassignmenttreatsthelist of alternativesasarankorder, althoughtheactual
orderingis arbitrary.

Whenminimizingthenumberof con�icts, if therequestcannotbescheduledonany of thealternative
resources,it is droppedfrom theschedule(i.e., bumped).Whenminimizing thesumof overlaps,if a
requestcannotbe scheduledwithout con�ict on any of thealternative resources,it is placedso asto
createtheminimal overlapwith previously scheduledrequests.Thelasttwo columnsof Table2 show
thebest-known valuesfor bothevaluationfunctions.

Weimplementedanext-descenthill-climber thatemploystheshiftoperator;weacceptnew solutions
thatarebetteror equallygood. Froma currentsolution� , a neighborhoodis de�ned by considering
all (n � 1)2 pairs (x; y) of positionsin � , subjectto the restrictionthat y 6= x � 1. The neighbor
�

0
correspondingto thepositionpair (x; y) is producedby shiftingthe job at positionx into position

y, while leaving all other relative job ordersunchanged.If x < y, then � 0 = shift (� ; x; y) =
(� (1); :::; � (x � 1); � (x + 1); :::; � (y); � (x); � (y + 1); :::; � (n)) . If x > y, then� 0 = shift (� ; x; y) =
(� (1); :::; � (y � 1); � (x); � (y); :::; � (x � 1); � (x + 1); :::; � (n)) . Thepseudocodefor thehill-climber
andneighborhoodvariantsareshown 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 (� )

for num -evals from 1 to 50000
do x  random (N )

� 0  �
for y from 0 to N � 1

do if x = y or x = y � 1
then continue

�  shift (� ; x; y)
if eval (� ) � eval (� 0)

then � 0  �
return � 0

N2-hill-climber (� )

for num -evals from 1 to 50000
do x  y  0

while x = y or x = y � 1
do x  random (N )

y  random (N )
� 0  shift (� ; x; y)
if eval (� 0) � eval (� )

then �  � 0

return �

Restricted-hill-climber (� ; G)

for num -evals from 1 to 50000
do x  y  0

while x = y or x = y � 1
do x  random (N )

y  pos(� ; r-adj (x; G))
� 0  shift (� ; x; y)
if eval (� 0) � eval (� )

then �  � 0

return �

Figure 2. Pseudocodefor eachof the algorithmswe usein this paper. N1-hill-climber selectsa randomx position
andshifts it into all otherpossiblepositions. N2-hill-climber selectsrandomx andy positions. restricted-hill-
climber selectsarandomx andchoosesy from thetasksadjacentto vertex x in theinteractiongraphG. In thispseudocode,
random (N ) returnsanrandomintegeruniformly from (0; N � 1), r-adj (x; G) returnsthe labelof a randomlyselected
adjacentneighborof x in G, andpos(� ; value) returnsthepositionof value in � .

40%of theentireneighborhoodresultsin exactly thesameschedule(Barbulescuet al., 2004a);closer
examinationrevealsthat60-80%areequal-valuedthoughthey aretranslatedinto differentschedules.
Our �rst intuition was to usea structured,completeneighborhood.The N1 orderedneighborhood
randomlychoosesa task(i.e.,apermutationposition)x, andthenevaluatestheneighborsproducedby
systematicallyshiftingx into each possiblen � 1otherpositions;if nopositionis acceptable,anotherx
is selectedwithoutreplacement.Unfortunately, althoughsystematicandeasyto program,wefoundthis
neighborhoodperformedpoorly (Barbulescuetal.,2004a).Furtherinvestigationshowedadetrimental
interactionbetweenthedomainandtheschedulebuilder. Whena shift producesa poorerevaluation,
it usuallysignalsthatx is now blocked by theearliertaskandno shift of x later in theschedulecan
affect that blockage,but many evaluationsmay be expendedtrying. If we countthe kinds of moves
seenduring searchunderN1, morethan80% of the consideredchangesresult in worseevaluations;
of the remaining20%(which constitutetheactualmovestaken),mostareplateaumoves(equivalent
evaluations)andonly a few areactually improving moves. This neighborhoodinducesa signi�cant
negative biasagainstimproving or equalmoves.

To mitigatethis bias,theN2 unrestrictedneighborhoodoperatorrandomlyselectsbothx, the task
to beshifted,andy, thenew positionwherex is to beinserted.Searchalgorithmsthatusethis typeof
randomneighborhoodmove arecalled“StochasticHill Climbers"becausethey do not systematically
explorea neighborhood(Ackley, 1987). N2 resultsin a major performanceimprovement,producing
performancecompetitive with thebestprevioussolutions.

3.2 RestrictedNeighborhoodsfor AFSCN

Restricted“critical path" neighborhoodsarekey to achieving goodperformancein job-shopand
�o w-shopschedulingdomains.Giventhat40%of shiftsresultin nochangeto theschedulein AFSCN,
onewouldexpectthatrestrictingthesearchneighborhoodto only thetasksthatinduceachangewould
producemoreef�cient search.

Given a tasku 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) = tr ue if, on
the sameresource,r v � ru � dv or r v � du � dv , wherer andd arethe releaseandduedates,
respectively. Given alternative schedulingresources,two tasksinteractwhen they contendon one
or morecommonresources.The “interaction” heuristicbearssomeresemblanceto othercontention
measures,suchasthe SumHeightheuristic(Beck et al., 1997),wherecontentionis measuredacross
resources.Interactionusesasimilar ideabut expressesthepair-wisecontentionacrosstasks.
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Figure 3. An exampleof interactionbetween� ve requestsscheduledon four resources.For this idealizedproblem,the
edgesetE = f f A; B g; f A; Cg; f A; D g; f B ; Cg; f D ; E gg.

Taskinteractioncanoverestimatethe actualamountof contentionin the schedule.It includesthe
entiretime window (from releaseto duedate)anddisregardsprocessingtime. In somesituations,it
may be possibleto scheduleboth taskswithin their respective time windows on the sameresource.
Oneof thetaskscouldalsobescheduledon anotheralternative resource.We calculatepair-wise task
interactionfor all tasksto build an undirected,unweightedgraphwhereverticesare the tasksand
existingedgesindicateinteraction.

Definition 1 An interactiongraph,G, is an undirectedgraph,G = (V; E ), where thesetof vertices,V , is thesetof

schedulingtasksandE consistsof edgesbetweenverticesf u; vg j u; v 2 V; u 6= v; inter acts(u; v) = tr ue.

The interactiongraphis designedto provide informationaboutthe potential con�ict betweenall
pairsof tasksin theschedule.Figure3 showsasimpleinteractiongraphfor anidealizedoversubscribed
problem.Note that interactionis not transitive; it is possiblefor two tasksthatdo not interactto both
interactwith a third task.Thiscaseis shown in theexample,wheretasksA andE bothinteractwith D,
but notwith eachother.

We calculatethe interactiongraphsfor all daysof data. Thecomputationalcostof calculatingthe
interactiongraphis small (lessthana second).Figure4 illustratesthe largestconnectedcomponent

Figure 4. A force-directedlayout of the largestconnectedcomponentin G for Mar07. The problemcontainsa single
connectedcomponentthat spansmost(92%)of theproblem;the remainingtaskshave zerodegree. High-altitudetasks(in
red)arethemostconnectedtasksandareusuallyin thecenter. Low-altitudetasks(in blue)arelessconnectedandtendto be
alongtheoutsideof thegraph.



Tasks Connected Avg. Degree L Tasksof ZeroDegree
Day1 322 295 6.01 4.61 27 (0.083)
Day2 302 273 6.31 4.61 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 4.61 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. Characterizationof G for eachdayof AFSCNdata.The�rst columnshows thenumberof tasksin theproblem;the
secondshows thenumberof tasksconnectedto the largestconnectedcomponent.Thenext two columnsshow theaverage
degreeandthe averagepathlength,L . The last shows the numberof zerodegreetasksin eachproblem. The numberin
parenthesisis theratio of zerodegreetasksin theproblem.

of G for Mar07; this componentincludes92%of thevertices.Tasksareroughly in orderby ID from
left-to-right. Table3 showsasummaryof thelargestconnectedcomponentfor all thedaysof data.The
connectednessof thesegraphsis sparse(jE j � ( n

2
) < O(n2) ) andshows a low averagepathlength

betweenany two tasks.
TheN3 moveoperatorusesG to restricttheneighborhoodexploredby localsearch;thegoalof using

N3 is to focussearchonthoseadjacentnew solutionsthatforceachangein theschedule.Weiteratively
choosea randompositionx andshift the taskin thatpositionto thepositionof a randomlyselected,
interactingneighbor. N3 dramaticallyreducestheneighborhoodsizefrom O(n2) to theaveragedegree
pervertex (seeTable3, column`Avg. Degree').SoN3 alsoreducestheexpectednumberof neighbors
evaluatedbeforeselectingamove.

To controlfor theeffectsof thestructurein theneighborhood,wealsoimplementeda fourth neigh-
borhood:a random,restrictedneighborhood.TheN4 move operatorcreatesa randomgraphwith the
samedegreepervertex astheinteractiongraph.Eachedgein therandomrestrictedgraphis randomly
connectedto anotherrandomlychosentask (excluding itself). N4 shifts the task in positionx to a
randomlyselectedneighborin thegraph.

4. EXPERIMENTS

We�rst comparetheperformanceof thefour neighborhoods.Table4 shows the�nal evaluationdis-
tributionsfor 50,000evaluationsover90 runs.N1 reachesthebest-known valuesmuchlessfrequently
thanthe otherthreeneighborhoods,while the otherneighborhoodsappearequivalent. We focusour
analysison thedifferencesfoundbetweentheunrestrictedandrestrictedneighborhoods.

Although theminimumvaluesof N2, N3 andN4 areidentical,themeansandstandarddeviations
vary. Table4 lists thep-valuesfor theN2 (unrestricted)neighborhoodcomparedto eachof theother
threeneighborhoodsusingaone-tailedt-test.In nearlyall cases,theN2 distributionshavelowermeans
andaresigni�cantly differentthanthe distributionsof the resultsof otherneighborhoods.Thus,the
restrictedneighborhoodshurtmorethanthey helpsearchfor AFSCN.

In addition, informedrestriction(N3) doesnot dominaterandomrestriction(N4). Using a t-test
(� < :05), N4 is signi�cantly betteron Day1, Day2, Day3, andDay5 in both evaluations;it is also
betteronApr02 in minimizingcon�icts.



N1 N2 N3 N4
p min � � min � � p min � � p min � �

Day1 - 9 11.07 1.32 8 8.06 0.23 - 8 9.64 0.93 - 8 9.19 0.98
Day2 - 4 5.03 1.02 4 4.00 0.00 - 4 4.86 0.83 - 4 4.51 0.67
Day3 - 4 6.74 1.47 3 3.00 0.00 - 3 3.36 0.61 - 3 3.18 0.41
Day4 - 4 6.99 1.55 2 2.00 0.00 - 2 2.80 0.62 - 2 2.98 0.65
Day5 - 4 6.90 1.23 4 4.09 0.29 - 4 5.42 0.81 - 4 5.11 0.76
Day6 - 6 9.70 1.67 6 6.00 0.00 - 6 6.29 0.46 - 6 6.46 0.64
Day7 - 6 7.91 1.12 6 6.00 0.00 - 6 6.44 0.66 - 6 6.31 0.51

Mar07 - 53 58.02 2.55 42 42.04 0.21 - 42 42.90 0.75 - 42 42.87 0.78
Mar20 - 32 40.27 2.70 29 29.01 0.11 - 29 29.13 0.34 - 29 29.29 0.46
Mar26 - 21 25.94 2.14 17 17.12 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

May02 - 14 16.79 1.49 12 12.00 0.00 ns 12 12.00 0.00 * 12 12.08 0.27
N1 N2 N3 N4

p min � � min � � p min � � p min � �
Day1 - 104 172.18 33.29 104 105.73 1.49 - 104 120.30 15.76 - 104 112.49 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 82.22 24.86 28 28.00 0.00 - 28 31.37 6.77 - 28 29.43 4.17
Day4 - 19 64.82 27.89 9 9.13 0.72 - 9 20.67 11.95 - 9 20.64 10.43
Day5 - 31 65.41 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 47.31 6.58
Day7 - 49 87.59 25.38 46 46.00 0.00 - 46 47.90 5.14 * 46 47.16 3.77

Mar07 - 1173 1364.28 89.46 773 778.59 7.64 - 773 788.43 13.30 - 773 787.81 14.27
Mar20 - 697 852.50 73.47 486 495.08 6.32 - 486 501.36 12.51 - 486 501.33 13.07
Mar26 - 425 624.23 82.52 250 258.96 25.67 .38 250 260.14 25.50 .07 250 266.22 39.11
Apr02 - 958 995.26 68.72 725 731.42 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. Summarystatisticsfor the�nal evaluationdistributionsof con�icts (uppertable)andoverlaps(lower table).These
statisticsaretakenover90runsof 50,000evaluationseach.P-valuesarecomputedbetweenunrestrictedsearchandrestricted
searchusingaone-tailedt-testthatonedistribution is lower. High valuesarewrittenasnumbers.Otherwise,adashindicates
signi�canceat the� < :0001level; a starindicatessigni�canceat the� < :01 level; insigni�canceis markedby `ns'.

Weconjecturethatunrestrictedsearch(N2) convergesto thebestknown valuesmorefrequentlythan
restrictedsearch(N3 andN4). To judgethishypothesis,wecountedthenumberof convergingandnon-
converging runs(out of 90) of thesethreeneighborhoodsfor eachdayof data. We thenperformeda
� 2 testthattheproportionof converging runswasthesamefor N2 ascomparedto N3 andN4. Mar26
andMay02hadsimilar counts,so thetestwasnot signi�cant. For theothertendaysof data,this test
revealedthatthesuccessof convergencesigni�cantly dependson theneighborhood(p < :01).

Onehypothesisfor suchvariancein theperformanceof thesealgorithmsis thatnon-converging runs
get stuckon large, suboptimalbasins. If this weretrue,onemight expectthe �nal evaluationsto be
distributedsomewhat uniformly above the best-known values. We examinedhistogramsof the �nal
evaluationsover 90 runsandfound that thenon-converging runsendcloseto thebestknown values.
N2 almostalwaysgetsmore runscloser, but the differenceis still small. For minimizing con�icts,
N2 usuallygetswithin onecon�ict while N3 usuallygetswithin threecon�icts. For overlaps,thereis
slightly morecomplex behavior. On thesevenolderdaysof data,N2 �nds solutionswithin oneor two
unitsof overlapwhile N3 usuallygetswithin 100. On the � ve new daysof data,N2 andN3 closely
mimic eachothers'�nal evaluations.Most runsreachwithin 100of thebestknown values.

To assesslocal differencesin neighborhoods,we also examinedthe numberof improving, non-
improving,andequalmovesundereachneighborhood.For theimproving moves,wealsohistogramthe
changein evaluation.Weattemptedto correlatethesechangesin evaluationwith speci�c tasksor task
attributes,but found little correspondenceof move quality with problemspeci�c information. These
results,coupledwith thelack of competitive advantagefor N3 over N4, leadusto the�nal conclusion



in ourexaminationof ourstructuredrestrictedneighborhood:thestructuredinteractiongraphprovides
little advantageoverarandomlyselectedrestriction.Thesegraphsdoreducetheneighborhoodbut still
remainconnectedenoughsuchthatthey can�nd reasonablesolutions.

5. SUMMARY AND FUTURE WORK

We examinedthe effectsof problemmotivatedstructureand restrictedneighborhoodsizeon the
performanceof neighborhoodoperatorsfor a real world schedulingapplication,AFSCN. Following
conventionalwisdom,we hypothesizedthatwecouldreducetheneighborhoodusingproblemspeci�c
structurein arestrictedneighborhood.Theresultwassomewhatsurprisingin thatthissigni�cantly de-
gradedperformance(accordingtoaone-tailedt-test).Searchusingarestrictedneighborhoodconverges
to thebest-known valueslessfrequentlyandshows no majorimprovementin takingstepsthatchange
the evaluationany morethanunrestrictedsearch.Moreover, randomlyrestrictedsearchsigni�cantly
outperformsstructuredrestrictedsearchfor almosthalf of theproblems.

For AFSCN,a restrictedneighborhoodmarkedly under-performsan unordered,full neighborhood
in next-descentlocal search.Our evidencesuggeststhat thesearchis a randomwalk. We conjecture
that searchcanbe modeledasa Markov chain,andwe arecurrentlydevelopinga modelof theshift
neighborhoodfor unrestrictedsearch.Preliminaryresultsindicatethatthismodelmaybequiteaccurate
for AFSCN.Wearealsoextendingtheseanalysesto anotheroversubscribedschedulingdomain.
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