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ABSTRACT. The Flow ShopProblem(FSP)is known to be NP-hardwhen more than
three machinesare considered. Thus, for non-trivial size probleminstancesheuristics
areneededto nd good orderings. We considerthe permutationcaseof this problem.
For this case,denotedby FjprmyCmax the sequenc®f jobs hasto remainthe sameat
eachmachine. We proposeandtesttwo hybrid heuristics,combiningelementsrom the
standardGreedyRandomized\daptive SearchProcedurd GRASP) lteratedLocal Search
(ILS), PathRelinking (PR)andMemeticAlgorithm (MA). Theresultsobtainedareshovn

to be competitie with existing algorithms.

1. INTRODUCTION

TheFlow ShopProblem(FSP)is a schedulingoroblemin which n jobshave to bepro-
cessedby m machines.The problemis to nd the sequencef jobs for eachmachineto
minimize completiontime, alsoknown as makespan(6). This problemis NP-Hardfor
m> 3 (8; 13). Several papersin the literatureaddresghis problem, proposingmodels,
heuristics,andbounds. Dannenbring9) testedseveral heuristics. Nawaz, Enscore,and
Ham (16) presented polynomialtime algorithm(NEH), nding interestingresults.Until
now, NEH is one of the bestpolynomialtime heuristicsfor this problem. Taillard (26)
presentedinimprovementin the compleity of the NEH algorithm, a heuristichasedon
tabu searchanda usefulcharacterizationf thedistribution of the objective function. Tail-
lard (27) proposed seriesof testproblemswith strongupperbounds.The runningtime
requiredby Taillard's tabu searchheuristicwasnot givenandhefocusedon solutionqual-
ity. Ben-DayaandAl-Fawzan(7) implementedndtestedcanimprovedvariantof Taillard's
taku searchreportingtimesandcomparingheir performanceavith Oglu andSmith's sim-
ulatedannealingalgorithm(17). However, they did not matchall of Taillard's resultsfor
large instances Stiltzle presentedndtestedan IteratedLocal Search(ILS) heuristicob-
taining goodresults. Ruiz andMaroto (21) compared5 methodsfrom very basicones,
suchasJohnsors algorithm(12), to moresophisticate@nes suchastalu searchandsim-
ulatedannealing.Theresultsof their studyconcludedhatNEH wasthe bestpolynomial-
time heuristic,while Stiitzle's ILS (25) andReeves's geneticalgorithm(18) werethe best
metaheuristic-basdtkuristics.Ruiz etal. (22) proposedh nev memeticalgorithmfor this
problem,obtainingimproved resultswhencomparedwith the ILS andtabu search.The
sameauthorgollowedupwith anotheipaperin thesamedirection(23), proposingandtest-
ing two geneticalgorithmsandobtainingstrongresults.Agarwal, Collak,andEryarsy (1)
implementeda heuristicimprovementprocedurébasedn adaptve learningandappliedit
to the NEH algorithm,leadingto additionalimprovements However, for largerinstances,
theirresultswereof poorquality andtheir algorithmwascomputationallyintensve. These
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resultsseemedo present few issuesthatwe discussn Section5. Ru'z andStiitzle (24)
describedh simplealgorithmwith which they obtainedyoodresultsandpresentedix new
upperbounds.

In (1; 7; 27) andalmostall otherpapersdealingwith the FSP the problemof interest
wasa specialcasecalledPermutationaFlow ShopProblem(PFSP)n whichthejobshave
identicalorderingsequencesn all machinesThis widespreaagpproachs usefulbecause
it allows a simplerimplementationspeciallyfor geneticalgorithms,andit is known thata
PFSPsolutionis a goodapproximatiorof the FSPsolution.

In this paperwe considethe PFSPandproposewo hybrid approacheasingGRASP-
ILS-PRanda memeticalgorithm. The paperis organizedasfollows. In Section® and3,
we describethe basicandthe memeticalgorithm. In Section3 we introducethe proposed
hybrid algorithms.In Section5, we presenthe computationakxperimentsandtheir ana-
lyzes.Finally, in Section6 we make someconcludingremarks.

2. BASIC ALGORITHMS

As it is well known, atraditional GRASPandILS have two mainphasesaconstruction
phaseandalocal search Readerainfamiliar with GRASPandILS arereferredto (10; 11;
19)and(14; 25), respectiely. In ourimplementationye alsousepath-relinking(20).

2.1. Construction phase. Usually, the constructionphaseis a greedyalgorithm, with
somerandomnessn whichanew solutionis obtainedateachiteration.In ourcaseweuse
theNEH heuristicto constructhe rst solution. The pseudo-codef theNEH algorithmis
presentedh Algorithm 1.

Algorithm 1 NEH Algorithm

1: Sortthejobsby decreasingumsof processindimes.

2: Scheduldhe rst two jobsminimizing the partialschedule.

3: fori=3tondo

4 Insertthei-th job in oneof thei possibleplacesof the partial solution,minimizing
thepartialschedule.

5: endfor

2.2. GRASP. In astandardGRASR at eachiterationa new solutionis constructedusu-
ally blendingarandomprocedurewith a greedyheuristic.In the heuristicproposedn this
paperwe maintainapool of good-qualitysolutionsonwhichto applyapath-relinkingpro-
cedure. After 20 iterationswithout improvement,we reconstructhe pool usinga partial
NEH algorithmwhile preservingnostof the structureof the currentbestsolution.

2.3. ILS. Asintheimplementation®f ILS, the GRASP-ILS-PRheuristichasa perturba-
tion phasewhich changeghe currentsolutionby makingtwo-swap movementsat random
positions.If animprovedsolutionis found,the currentsolutionis updatedjf noimprove-

mentis found,thecurrentsolutionis updatedvith probability pt > 0. Thisis asimulated-
annealing-lile acceptanceriterion (24; 25). If n is the numberof jobs, mis the number
of machinesand pj; is the processingdime for job i at machinej, thenthe temperaturd

usedin theacceptancerocesss

a8 1P
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2.4. Local Search. We useawell-knowvn local searchthathasbeenpreviously appliedto

this and othercombinatorialoptimizationproblems. Taku search LS, andgeneticalgo-

rithms have usedthe sametype of local searctschemeeg.g. (24). This schemewhich we

call LSInsertion is basedon the insertionprocedureof the NEH algorithm. For every

job, we remove the job from its original positionandattemptto insertit in oneof then

possiblepositions.If animprovementis obtainedthenthe processds repeated This pro-

cedureworks by choosingthe positionsat randomandterminatesaftera completesearch
withoutimprovement.

2.5. Path-relinking. Path-relinking(PR)is usedasaform of intensi cation of thesearch
procedurePRis appliedfrom theincumbentolutionto asolutionrandomlyselectedrom
the pool (20). Beginningat a randompositionandconsideringonly swaps,threepossible
moves are analyzedand the bestmove is selected. At eachstep,the new solutionsare
analyzedandthe bestoneis sased. In Figure1 an exampleof the procedurds shavn. A
similar approactandsomevariationscanbefoundin (20).

n
[o]o[a[-[~[e]~][=[~[CIO]-[@]~] [o]»[«][~[o]~]~]

Initial Sol Guiding So

[o[=[o [ ~][e[=]~[e[~[a][~][o]a[e]a[~[~]~]

S

FIGURE 1. Exampleof the path-relinkingprocedure. At eachstep,a
randompositionis chosenand from this point, in a cyclic order three
possiblechangesare analyzed. The letter 'S’ indicateswhich solution
is selectedor the next step. This solutioncorrespondso the bestmove
analyzed.Only ve stepsare performedif the guiding solutionis not
reachedrst.

The PRprocedurderminatesvhenthewhole pathbetweerthe solutionsis analyzecdr
aftertestinga small numberof solutionsin the path, returningthe bestsolutionfoundin
the process.In our implementationywe only allow ve steps,andat eachsteponly three
possiblesolutionsareanalyzed.
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The main characteristiof the PR is thatat eachnew stepthe solutionsmaintainmost
of the original structure.Whenthe procedurebegins from the bestsolution,the goalis to
presere mostof this successfustructurewith somein uence of theselectegool solution.

2.6. GRASP-ILS-PR. Combiningthesddeasresultsn thehybrid GRASP-ILS-PRheuris-
tic whosepseudo-codeés shavn in Algorithm 2. In line 1 of the pseudo-codehejobsare
sortedin decreasingrderof the sumsof their processingimesandthe orderis saredin
thearrayJobSorted. In line 2, the NEH heuristicis calledto producetheinitial solution
thatis insertedin the pool in line 3. In line 4, the local searchis appliedon the initial
solutionandthelocal optimumcanitself beinsertednto thepoolin line 5. Nonlmproves
the counterof iterationswithoutincumbentsolutionimprovement;s initialized in line 7.

Theloopin lines 8 to 38 constituteghe main iterationsof the heuristic. Fromline 9
to line 11 the currentsolutionCurrSol is perturbedandthelocal searchis appliedto the
perturbedsolution. Lines 13 to 21 are only executedevery PRFiterations,wherePRFis
the path-relinkingfrequeng parameterin line 13 the path-relinkingprocedurds applied
from the incumbentsolution (BestSolution ) to a solutionselectedat randomfrom the
pool (PoolSolution ). If certaincriteria are met, the path-relinkingsolution (SolPR) is
insertedinto thepoolin line 14. In lines15to 21 and23 to 29 the currentsolutioncanbe
updatedvhenthecurrentsolutionis improvedor with apositive probabilityotherwise The
pool of solutionsis replacedaftera certainnumberof non-imprwing iterations(NImp.

Thispoolof solutionscontainsasetof good,or elite, solutionsfoundduringtheprocess.
As we canseein Algorithm 2, after eachlocal searchand after the path-relinking,the
algorithmtriesto introducethe new solutioninto the pool. For this insertion,not only the
quality of the solutionis consideredut alsothe similarity with the othersolutionsin the
pool. Thisideais not new andthe readercanreferto (3) for example.In our casewe do
not allow theinsertionof solutionsthataretoo similar to the onesalreadyin the pool. A
solutionis insertedif its objective valueis the bestsofar or if its objective valueis better
thanthe worst objective valuein the pool andthe solutionis differentenoughfrom the
solutionsin thepool.

The similarity betweertwo solutionsis computecby countingthe numberof different
jobsfor a certainposition. The importanceof a diversi ed pool is discussedn the next
section.

3. MEMETIC ALGORITHM

Whenworkingwith thePFSPwe only dealwith apermutationvector whichhasaneasy
representationThis is oneof the mainadwantage®of working with the PFSPTheideaof
the post-optimizatioris to usethe informationgatheredby the GRASP-ILS-PRheuristic
to searchfor new solutionsnearsolutionsin the pool. For this reasonwe usea memetic
algorithm(MA) basedon the experienceof Ruiz andMaroto (21) andRuiz, Maroto,and
Alcaraz(23). The MA worksusingthe pool of solutionsproducedy the GRASP-ILS-PR
astheinitial populationin additionto a numberof randomsolutionsto allow it to search
otherregionsof thefeasiblesolutionspace.

As the MA is usedalongwith GRASP-ILS-PRwe needa simple structureand only
threeoperatorsA mutationprocedureanda pathcross@er, anda cold restartarethe only
operatoraised.Theseoperatorsaredescribedext.

3.1. Mutation Operator (M). Thisoperatomorksasaperturbatiorapproactof GRASP-
ILS-PR.Its maingoalis to allow thealgorithmto searchbeyondthe neighborhoodle ned
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Algorithm 2 GRASP-ILS-PR Algorithm . Solution , CurrSol and BestSolution
representifferent solutionsand their correspondingnalespanvalues. PoolSolution
is arandomsolutionchoserfrom the pool.

1: JobSorted  Sortthejobsby decreasingumsof processindimes;
2: Solution NEKJobsSorted );

3: Poollnsertion (Solution );

4: Solution LSInsertion (Solution );

5. Poollnsertion (Solution ;Proximity );

6: CurrSol  BestSolution ;

7: Nonlmproves O;

8: fori 1;:::;Maxlterations do

9: Solution Perturbation (CurrSol);

10: Solution LSInsertion (Solution );

11: Poollnsertion (Solution ;Proximity );

12: if i modPRF= Othen

13: SolPR PathRelinking (BestSolution ;PoolSolution );
14: Poolinsertion (SolPR Proximity );

15: if CurrSol > SolPRthen

16: CurrSol  SolPR

17: else

18: if RNIDO;1) < exp( SolPR CurrSol )=T then
19: CurrSol SolPR

20: end if

21 end if

22: endif

23: if CurrSol > Solution then

24: CurrSol Solution ;

25: else

26: if RNIO;1) < exp( Solution  CurrSol )=T then
27 CurrSol  Solution ;

28: endif

29: endif

30: if BestSolution isimprovedthen

31 Nonlmproves O;

32: else

33 Nonlmproves Nonlmproves+ 1,

34: end if

35: if Nonlmproves= NIimpthen

36: RestartPOOL();

37: endif

38: endfor

by thelocal searchThis operatommakestwo swapmovesatrandompositions.lt is applied
only to the bestor secondbestsolution,randomlychoserin the population.

3.2. Path Crosswer (PX). This procedurds similar to path-relinkingandit is usedasa
crosswerby Ahujaetal. (2) for solvingquadratiassignmenproblems After theselection
of two parentsthe crosseer consistof the constructiorof a pathbetweerthoseparents.
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FIGURE 2. PX - Sindicatesheoffspringwith betterobjective function
andX the discardedbffspring. The rst positionto checkis randomly
chosen.

This operatorbegins the proceduregrom a randompositionandcontinuesuntil it reaches
this positionagain. The parents alleles(jobs) arecomparedIf they arethe samethenthe
offspringinheritsthatallele. If theallelesdiffer, two distinctswapmovescanbedone,one
on eachparent.The algorithmalwaysselectghe move which resultsin a betterobjective
functionvalue. The offspring resultingfrom this crosseer is the bestsolutiongenerated
duringthe constructiorof the path. Figure2 shavs anexampleof the PX operator

We alsotesteda few othercrosseer operatorssuchasmulti-parentandsimilar block
order crosswers, but thesedid not produceresultsas good as PX or were excessvely
expensveto compute.

3.3. Cold Restart. Coldrestartis usedin mary geneticalgorithmswith the ideaof cre-
ating a morediversi ed population. This is usefulwhenthe algorithmreaches stateof
stagnationthatis, whenno improvementoccursafter a certainnumberof generations.
Cold restartchangeghe populationby modifying, replacing,and maintainingpart of the
solutions.Thethreebestsolutionsareleft unchangedApproximatelyhalf of the popula-
tion resultsfrom applyingthe mutationoperatoron oneof the threebestsolutions.About
onefourth of thepopulationis generatedby applyingtheiteratedgreedyalgorithmof Ruiz
andStitzle (24) to theincumbentsolution. The remainingelementof the populationare
replacedby randomlygeneratedolutions.

4. HYBRID ALGORITHMS

Thehybrid algorithmscombinethe GRASP-ILS-PRandMA heuristics.This combina-
tion canbedonein severalways,but in this paperwe usetwo approachesalledHybrid A
andB.
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Initially, the solutionof the polynomial-timeheuristicNEH is usedasthe initial pool
solution. If this solutioncanbe locally improved, thenthe improved solutionis alsoin-
sertedinto the pool. In both caseghe pool of elite solutionsis usedby the path-relinking
componenbdf the hybrid heuristics.

Thedifferencebetweerbothhybrid approachekysin whenthe MA heuristicis called.
In the rst algorithm, we usethe MA asa post-optimizationprocedureto intensify the
searctaroundhebestsolutionsfoundduringGRASP-ILS-PRohase After runningGRASP-
ILS-PRfor a x ednumberof iterations,the MA usesthe pool of elite solutionsproduced
in the GRASP-ILS-PRphaseasits initial population. Path-relinkingalsoplaysa role in
this hybrid heuristicin thatit contritutesto the pool aswell asmakesuseof elementsf
the poolfor intensi cation.

In thesecondapproachthe GRASP-ILS-PRalgorithmcallsthe MA algorithmafterthe
algorithmreachesa stateof stagnatiorfor a x ed numberof iterations. In this case the
MA algorithmusesthe pool of elite solutionsastheinitial populationfor acertainnumber
of generationsAfter that,the GRASP-ILS-PRcontinuego runwith the pool provided by
the MA output.

Thealgorithmstructuresareshavn in Figure3, for now onwe will referto thesecases
asHybrid A andHybrid B, respectrely. The diversity of solutionsin the pool is critical
in boththe GRASP-ILS-PRandMA phaseslt allows differentpromisingregionsof the
solutionspaceo be explored.

Hybrid A Hybrid B
NEH
@ NEH Solution NEH
@ NEH Solution
GRASP
ILS GRASP :
<> Memetic
@ Pool of Solutions ILS
Pool of Solutions
Memetic @
@ BEST SOLUTION

BEST SOLUTION

FIGURE 3. Hybrid algorithmstructures.

5. COMPUTATIONAL RESULTS

To analyzethe performanceof the hybrid heuristics we designedseveral experiments
usingbenchmarknstanceproposedy Taillard (26) asourtestbed Theseexperimentsare
composeaf two parts.In theformer, we de ne teststo calibratecertainparametersf our
algorithmandin thelatter, we analyzethe behavior of thealgorithmandits performance.

All the algorithmstestedin this paperwereimplementedy the authorsin the C pro-
gramminglanguageand compiledwith GNU GCC version3.2.3,usingcompileroptions
-06 -funroll-all-loops -fomit-frame-pointer -march=pentium4 . CPUtimeswere
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computedusingthe functiongetrusage() . The experimentdor the performanceanaly-
siswererun on a Dell PoverEdge2600computerwith dual 3.2 GHz 1 Mb cacheXEON
Il processorand 6 Gb of memoryRAM undera Red Hat Linux 3.2.3-53. The algo-
rithm usedfor random-numbegeneratioris animplementatiorof the MersenneTwister
algorithmdescribedn (15).

5.1. Calibration. We rst conducta setof experimentsto engineerthe algorithm, i.e.
set parameter@and load balancethe various componentf the algorithm. Thoughwe
conductedbxtensive computationatestingwith numerousrosseer operatorsinitial pool
solutionheuristicslocal searchalgorithms,path-relinkingschemespopulationand pool
sizes,and other parametersye limit this discussionto the calibrationof the memetic
algorithmwhenusing PX asa crossaer operatoy the resultsof addingpath-relinkingto
the GRASP-ILS-PRheuristic,andtherelationshigbetweerbothcomponentsf thehhybrid
heuristic.

We determinethe parametePRHfrequeng of path-relinking),the cross@er operator
to beusedin the MA, andtheloadbalancebetweerthe GRASP-ILS-PRandMA compo-
nents.

5.1.1. Frequencyof path-relinking (PRF). The GRASP-ILS-PRheuristicworks with a
poolof 15solutions.Sincepath-relinkings notactivatedateachGRASP-ILS-PRteration,
themainparameteto be analyzeds thefrequeng in whichit is called. Thisis parameter
PRFnN Algorithm 2.

To testthe effect of usingpath-relinking,we compared ve versionsof the hybrid al-
gorithm which differed only with respectto the PRFparameter This includeda variant
in which PRF= 0, i.e. the purelLS proposedyy Stiitzle (25). To performthesetests,we
allowedthealgorithmto runfor 200CPUsecondstegardlesof instancesize. The30 cho-
seninstancedave 50, 100,and200jobs, with 20 stagesandthey provedto be the most
dif cult of thisbenchmarkTheuseof time asa stoppingcriterionwasconsideredecause
the path-relinkingstrateyy directly affects CPU time andit is this tradeof of quality and
time thatwe wantto understand.

For eachinstancetested eachvariantwasrun vetimesusingdifferentrandomnumber
generatoiseedsandthe averagepercentagéncreaseover the bestknown solution (API)
wascalculated Theseresultsaresummarizedn Tablel. API is computedtonsideringhe
bestupperboundknown to thedate. Theformulafor APl is givenby

18 X uB
AP| = RS “UB
whereRis thenumberof repetitions X thesolutionof theheuristicandUB thebestknowvn
upperbound.

Theresultsin Tablel indicatethatGRASP-ILS-PRwith path-relinkingoutperformghe
purelLS. Furthermorepn averagethe useof path-relinkingfrequenyg parametePRF= 2
resultsin a betterperformancehanary otherfrequeng tested.

100 ;

5.1.2. Crosswaer comparison.The memeticalgorithmcomponenbf the hybrid heuristic
hassereral parameterghat needto be set. We conductedextensie experimentationto
settheseparametersTheseexperimentgesultedin thefollowing parametechoices.The
size of the populationwas setto 20 solutionsof which ve are randomlygeneratecht
eachnew generation.The probability of applyingthe crosseer is 40%, the mutation1%,
andafter applyingthe operators]ocal searchis carriedout with a probability of 5%. To
avoid super uouscomputationsall the solutionshave a ag thatindicatesif local search
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TABLE 1. Averagepercentagécreaseverthebestknown solutionfor
GRASP-ILS-PRvaryingthe path-relinkingfrequengy parametePRFE

Jobs Machines PRF= 2 PRFE= 5 PRF= 10 PRF= 20 PurelLS
1.36104 1.78701 1.70909 1.49610 1.76623
2.11123 2.00864 1.77106 1.76026 2.12203
2.52129 2.39495 2.01044 2.48283 2.42790
1.57358 1.57358 1.68099 1.83673 1.53598
50 20 1.54528 1.53974 1.47328 1.71144 1.62836
1.74763 1.81275 1.97558 1.94844 1.78019
1.57085 1.29015 1.67881 2.04049 1.73819
2.53048 2.96938 2.86643 2.62260 2.92062
1.84344 1.68314 1.58696 1.83810 1.46407
1.29546 1.09371 1.12025 1.22113 1.39634
Average 1.810 1.815 1.787 1.896 1.878
2.51532 2.56369 2.52499 2.42180 2.73460
2.17911 2.30197 2.17911 2.17265 2.16618
2.09217 2.01882 2.03795 2.21336 2.17509
1.80252 1.82166 1.80252 1.88228 1.80252
100 20 2.30915 2.35350 2.05892 2.22363 1.95439
2.22816 2.31301 2.20930 2.16216 2.22187
2.11232 2.23676 2.08679 2.27186 2.34844
2.78706 2.75269 2.83706 2.56522 2.59334
2.82709 2.78247 2.76335 2.75697 2.80478
1.82157 1.82468 1.75008 1.94591 2.04228
Average 2.267 2.297 2.225 2.2616 2.284
1.74185 1.82939 1.76686 1.82582 1.81510
2.36722 2.39579 2.37079 2.40650 2.35116
2.37578 2.54346 2.53993 2.45521 2.45698
1.98512 2.09846 2.21179 2.23481 2.25961
200 20 1.39977 1.64491 1.72129 1.72484 1.68043
2.25042 2.22540 2.05917 2.17535 2.17535
1.92118 1.95109 2.05489 1.88600 1.90887
2.23222 2.25163 2.28163 2.34869 2.33104
2.10686 2.20515 2.32666 2.46247 2.34989
2.56741 2.52851 2.61339 2.77783 2.70179
Average 2.095 2.167 2.195 2.230 2.203
Overall Average 2.057 2.093 2.069 2.129 2.122
Overall StandardDeviation 0.417 0.444 0.419 0.372 0.411

wasappliedto the solution. After completinga generationjocal searchis appliedto the
bestsolutionwith a probability of 10%if its ag indicatesthatlocal searchhasnot been
previously applied. We next comparethe performanceof the memeticalgorithmwhen
usingtwo crosseers.

After comparingseveral crosswers,Ruiz, Maroto, and Alcaraz (23) choosethe Simi-
lar Blodk Order Crosswer (SBOX), which presented betterperformancehanthe other
operators.The SBOX transfergo the offspring similar blocksof allelesfrom its parents.
Two sequencesf allelesareconsidered similarblockif thereareatleasttwo consecutie
identicalallelesin the samepositionin both parents.After the recognitionof the similar
blocks, a crosseer point is randomlychosenandthe remainingallelesare copiedfrom
their parents.By usingthe crosseer pointit is possibleto generatdwo offspringsafter
eachcrosseer. We comparethe performancef SBOX with the PX operatordescribedn
Section3.2.

As seenin Table2, we wereunableto reproduceheresultsobtainedoy Ruiz, Maroto,
and Alcaraz (23). The differencebetweenthe performancegould be attributed factors
suchasthe stochastimatureof the heuristics differencesn coding,datastructuredesign,
compilers,hardware discrepanciesor even computercon guration. FurthermoreRuiz,
Maroto,andAlcarazreportelapsedime insteadof CPUtime.
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To evaluatetheseoperatorspnceagain we usethe 30 instancedrom Taillard's bench-
markwith 50,100,and200jobsand20 stagesTheexperimentconsistedf allowing each
algorithmto perform verunswith differentseedsvherebothalgorithmsareidenticalwith
theexceptionof thecrosseerused.Table2 showvs theresults wherefor eachoperatomwe
presenthe API andthe numberof timesin which the bestsolutionwasfound usingthe
Crossoetr.

TABLE 2. Comparisorbetweencrosseer operatordisting API, the average
percentagéncreaseover the bestknown solution, andthe numberof timesin
which eachvariantobtainedthe bestsolutionin the comparison.

SBOX crosswer PX crosswer
Jobs Machines API timesbestfound API timesbestfound
50 20 2.28890 4 2.25186 6
100 20 2.60578 6 2.57615 6
200 20 2.38082 3 2.41622 7

We usethe “times bestfound' metric becausesometimeshe averagevalue doesnot
show all theinformationneededo make the correctchoice.In this particularcasewe can
seethatfor the 200-jobinstanceghe variantwith the SBOX crosseer presentsa lower
averagevaluebut the algorithmusing PX cross@er obtainsbetterresultsmoretimes. In
thesdeststheuseof PX ascrosseerhasabetteraverageperformancehanSBOX, nding
bestsolutionsin mostcasesAll otherparametersisedin the algorithmwere x edin the
comparison.

5.1.3. Load balancingGRASP-ILS-PRind MA for Hybrid A. Whencombiningcompo-
nentsGRASP-ILS-PRandMA into a hybrid heuristicwe needto determinewhatportion

of the total runningtime will be allocatedto eachcomponent.We call this choiceload

balancing We conductedexperimentsto determinea goodload balancing. Onceagain,

we considerthe sameinstancess beforeand usethe 200 CPU secondsasthe stopping
criterion. Theexperimentconsistef allowing eachvariant(with distinctloadbalance}o

perform ve runswith differentseedsThepossibilitiesof usingthe pure GRASP-ILS-PR
orthepureMA arealsoconsideredn the experiment.

Table3 andFigure4 presentheresults. The gure shovs the con denceintervals for
the differentcon gurationsof the hybrid algorithm. The variantsarerepresentedy their
respectre load balances.For example,variant95/5 hasa load balancewith 95% of the
CPUtime usedby the GRASP-ILS-PRand5% by the MA. As canbeseenin thetableand

gure, the 95%-5%loadbalancevarianthasthe bestaverageperformance.

5.2. Performance Analysis. We next investigatethe algorithm's dependencen the ini-
tial randomnumbergeneratorseedandin its runningtime. The tablesbelonv shov the
performanceof the algorithmafter ten runsfor eachinstance.In theseexperimentswe
usenumberof iterationsasthe stoppingcriterion, so that the experimentscan be more
accuratelyreproduced.

Hybrid B doesnot needa load balancingcalibration,but after performingsimilar ex-
perimentationtwo importantparametersvere set, the algorithmcalls the GA only after
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TABLE 3. Averagerelative percentageleviation for differentGRASP-ILS-PR
andMA loadbalancesG/M indicatesG% of runningtime allocatecto GRASP-
ILS-PRandM% of runningtime allocatedto MA.

Jobs Machines GRASP-ILS-PR 95/5 80/20 50/50 20/80 5/95 Memetic
1.39221 1.36104 1.53247 1.48052 1.75065 1.71429 1.91169
2.20302 2.11123 2.23542 1.87905 2.32721 2.23002 2.12203
2.58720 2.52129 2.52678 2.48833 2.55974 2.60368 2.50481
1.76155 1.57358 1.79914 1.69710 1.79914 2.05693 2.10526
50 20 1.78898 1.54528 1.78898 1.78344 1.91083 2.07699 2.06037
2.05156 1.74763 2.05156 2.05156 2.05156 2.10583 2.09498
1.76518 1.57085 1.79757 1.74359 1.84615 1.81916 2.35358
2.56841 2.53048 2.56299 2.56299 2.91520 3.00732 3.07234
1.85413 1.84344 1.85413 1.85413 1.91825 1.82207 2.23350
1.46005 1.29546 1.39634 1.41757 1.40165 1.08840 2.05999
Average 1.94323 1.81003 1.95454 1.89583 2.04804 2.05247 2.25186
2.47662 2.51532 2.75395 2.72170 2.73460 2.88617 3.02806
2.16618 2.17911 2.26964 2.54122 2.64791 2.75461 3.01326
2.09217 2.09217 2.14958 2.21017 2.16233 2.58970 249721
1.81528 1.80252 1.80890 1.83442 1.73233 2.04498 1.88547
100 20 2.27431 2.30915 2.36300 2.50871 2.41368 2.22997 2.44219
2.23130 2.22816 2.22816 2.32558 2.70585 2.69956 2.66813
2.11232 2.11232 2.09317 2.17294 2.29419 2.53350 2.59413
2.85268 2.78706 2.85893 2.99328 3.06827 3.16825 2.74957
2.82709 2.82709 2.83665 2.89721 2.87809 3.04064 3.05976
1.82157 1.82157 1.89307 2.02362 2.15107 1.83712 2.11999
Average 2.26695 2.26745 2.32551 2.42289 2.47883 2.57845 2.60578
1.81331 1.74185 1.81331 1.82760 1.91157 1.83117 1.95266
2.50647 2.36722 2.49755 2.55467 2.46006 2.41899 2.53861
2.52405 2.37578 2.53993 2.54699 2.52758 2.46404 2.60524
2.27554 1.98512 2.35346 2.52701 2.44200 2.43492 2.62617
200 20 1.57030 1.39977 1.66800 1.65024 1.78169 1.64491 1.89182
2.37912 2.25042 2.38806 2.39878 2.29154 2.32192 2.47386
2.06193 1.92118 2.08128 2.03730 2.00739 1.79803 2.17628
2.25693 2.23222 2.24634 2.38574 2.45280 2.54632 2.54632
2.18728 2.10686 2.28020 2.20872 2.34811 2.44282 2.41780
2.68411 2.56741 2.73362 2.78490 2.86270 2.70179 2.93343
Average 2.22590 2.09479 2.26018 2.29220 2.30854 2.26049 2.41622
Overall Average 2.14536 2.05742 2.18007 2.20364 2.27847 2.29714 2.42462

a stagnationof 20 iterations,andit is allowed to run 20 generationsafter returningthe
improved pool of elite solutions.

5.2.1. Timeto target. Many local searchbasedcombinatorialoptimizationheuristics,in-
cluding GRASR GRASPwith path-relinking,andmemeticalgorithmshave runningtime
to the optimal solutionthat aredistributedaccordingto a shifted exponentialdistribution
(4). To studytherandomvariabletimeto target solutionvaluewe ran Hybrid A andHy-
brid B usingone hundreddifferentseedsfor oneinstancewith 100 jobs and 20 stage$
The seedsvererandomlygeneratedndaredistinctfrom the onesusedin the calibration
process.

Hybrid A uses95% of the processingime allowed with GRASP-ILS-PRandthe last
5% with the MA. In this testthe maximumCPU time allowed to eachrunis 10,000sec-
onds.For the Hybrid B algorithm,the MA is calledaftera periodof 20 iterationswithout
improving theincumbentsolution,andafter20 generationshe MA algorithmreturnsthe
poolto the GRASP-ILS-PRalgorithm.

A tamgetvalueof 2.5%above the bestknown solutionwaschoserfor this experiment.
For this particularcase,the bestknown solutionhasa value of 6314, thereforthe tamget

Theinstanceusedis this experimentis onefrom Taillard's benchmarkgalledta085 .
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FIGURE 4. 95%con denceintervalsfor hybrid algorithms.

wassetto 6471. The algorithmsstop after obtaininga solutionlessor equalto 6471 or
after 10,000seconds.Time-to-taget plots (ttt-plots) are producedfor thesevaluesusing
(5). Figure5 shaws thettt-plotsobtained.

Of interestis that within 80 secondsalmost80% of the casesfor both algorithms
reachedhe target andwithin 1000secondsmorethan90%. Theseresultsshav thatthe
choiceof the seedis not a critical aspecfor obtaininga reasonabl@erformance By this
comparisorit is possibleto concludeHybrid A presents performanceslightly betterthan
Hybrid B.

5.2.2. Performance.In this sectionwe presentheresultsobtainedoy usingouralgorithm
in the 120instancedrom Taillard's Benchmark.The algorithmperformsa x ed number
of iterationsfor boththe GRASP-ILS-PRandthe memeticalgorithmcomponents.

Someauthorausearelationbetweerthenumberof jobsandthe numberof machineso
setatime for testingthe performanceof the algorithms. The problemwith this approach
is that for this particularbenchmarkthe dif culty of the instancesloesnot seemto in-
creasewith anincreasean the numberof jobs. We resumethis discussiorin next section.
In Tables4 and5, the averagevaluesof our experimentsare presentedfor both hybrid
algorithms. Not only aretheseresultscompetitive, but it is possibleto seethatthe stan-
darddeviation (StdDe) is low, indicatinga robust method. Whencomparingthe hybrid
approachest is possibleto obsenre, the performancenf Hybrid A is slightly betterthan
Hybrid B, which s consistentvith thetime to tamgetexperiment.

5.2.3. Remarkgegarding the instances.lt is interestingto analyzethe dif culty of our
algorithmsfor someinstances.lIt is quite obvious and expectedthat the increasen the
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FIGURE 5. CPUtime (secondsheededo reacha solutionno further
than2.5%of the bestknown upperbound.Thetime is on a logarithmic

scale.
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TABLE 4. Averagerelative percentagencreasefor Taillard instances.
Column CPU 1 indicatesthe averagetime (in CPU secondskpentto
nd the bestsolution. Column CPU 2 indicatesthe averagetime (in
CPUseconds}akenby Hybrid A.
Hybrid A
Jobs Machines API Best Worst StdDev CPU1 CPU2
20 5 0.079 0.000 1138 0.234 0.28 5.06
20 10 0.328 0.000 1.194 0.327 5.44 18.74
20 20 0.224 0.000 0.826 0.233 8.00 28.64
50 5 0.003 0.000 0.071 0.014 15.18 125.24
50 10 0.713 0.000 2.407 0.602 206.10 1186.92
50 20 1.222 0.324 3.791 0.783 1743.90 4647.40
100 5 0.012 0.000 0.285 0.044 129.16 680.38
100 10 0.256 0.000 1.263 0.270 322.32 1422.72
100 20 1.430 0.702 2.183 0.388 1905.28 4350.28
200 10 0.270 0.009 0.754 0.164 498.12 1433.04
200 20 1.672 0.782 2.615 0.342 2523.44 4218.04
500 20 0.981 0.570 1.459 0.213 2493.02 3894.82
Average 0.604

numberof machinesncreaseshe effort needecdy ouralgorithmsto nd agoodsolution.
In part,this couldbe explainedby consideringhatthe makesparfor anspeci c permuta-
tion canbe calculatedy usingafunctiondependingon the numberof jobsandmachines,
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TABLE 5. Averagerelative percentagencreasefor Taillard instances.
Column CPU 1 indicatesthe averagetime (in CPU secondsspentto
nd the bestsolution. Column CPU 2 indicatesthe averagetime (in
CPUseconds}akenby Hybrid B.

Hybrid B
Jobs Machines API Best Worst StdDey CPU1 CPU2
20 5 0.058 0.000 0.810 0.167 0.439 4.584
20 10 0.275 0.000 2.011 0.382 3.472 14.813
20 20 0.231 0.000 0.653 0.186 4.404 28.169
50 5 0.019 0.000 0.353 0.071 8.026 93.952
50 10 0.700 0.000 1.605 0.485 260.749 1179.363
50 20 1.390 0.297 3.787 0.603 1479.574 4108.018
100 5 0.006 0.000 0.095 0.020 153.866 687.559
100 10 0.258 0.017 0.858 0.256 263.291 1175.743
100 20 1.857 0.798 3.624 0.550 1096.554 3575.116
200 10 0.257 0.009 0.754 0.184 287.079 1044.240
200 20 1.863 0.835 2.766 0.431 1105.303 2129.254
500 20 0.902 0.471 1.388 0.203 3149.858 4816.021
Average 0.651

andthetime taken on theseevaluationsexplainsthe needof extra time to reachthe same
resultquality.

Neverthelessit is quite remarkableto notice that the worst performanceof our algo-
rithms happendor the groupof instancesvith 100jobsand20 stageg100 20) andfor
200 20.Andtheseresultsareconsistentvith previousresultsno matterthe methodused.
The mainquestionto answetis why for 500 20 thealgorithmhasa betterperformance.
In Taillard's webpagewe can nd thatfor 500 20 thereare seven out of teninstances
with resultsprovedto beoptimalsolutions for 200 20therefour out of tenoptimalsolu-
tionsandfor thecasel00 20 only oneoptimalresulthasbeenfoundsofarandnonefor
50 20.

Next we discusssomenew factsthatneedreview. In 2006,Agarwal etal., (1) discuss
anapproacho solve the PFSPIn thatpapertheauthorsclaimto have foundabetterupper
boundfor oneinstanceof Taillard's benchmarkby using an adaptve-learningapproach
(over well known polynomial heuristics). The instanceis ta040 (50 jobs and5 stages).
In the paper they found a permutationwith 2774 asa makespanvalue, but they did not
presentthe actual permutation. The problemis that in Taillard's websit& the optimal
valuefor this instanceis 2782. Somethingsimilar occurswith instanceta068 (100 jobs
and5 stages¥or which we point out two problems.First, the authorsincorrectlyusean
upperboundof 5034, while the correctupperbound,and supposedlyalsooptimal value
is 5094. While this could be only a typo, we point out a secondproblem. The solutions
found for two methodspresentedn that paperhave 5082 asa makesparvalue,which is
lessthanthe optimal solutionvalue. Furthermorethe upperboundsfor mostof the larger
instanceareexchangedvith the correspondindower bounds.For thosecasestheresults
presentedby the authorstendto be betterthanthey actuallyare. It is importantto review
thesequestiongo avoid future dif culties for otherresearchergspeciallypecausahese
instancesrereferencedn almostevery paperdealingwith FSP For future publicationsjt
seemgo be moreappropriatdo presenthe actualpermutatiorwhena new upperbound
or asigni cant resultis reached.

2http://ina2.eivd.ch/CoIIaborateurs/et d/pr oble mes.dir/ prob lemes.ht ml
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6. CONCLUDING REMARKS

In this paper we discussedhe PermutationaFlow ShopProblem. This problemhas
beenextensvely studiedandthereareseveral algorithmspublishedwith excellentperfor
mance. We presentedwo implementation®f hybrid algorithmsbasedon GRASR ILS,
PR,andamemeticalgorithm.In oneapproachwe usethe GRASP-ILS-PRalgorithm rst
maintaininga pool of goodanddiversi ed solutionsin orderto apply path-relinkingand
to constructa populationfor the memeticalgorithm. In the secondapproachwe usethe
memeticalgorithmto improve the pool of elite solutionsevery time the GRASP-ILS-PR
algorithmreaches stateof stagnatiorfor a speci c numberof iterations.Thememetical-
gorithmusesa crosseerbasedn path-relinking(PX) thatwasshavn to bevery effective.
The bestperformancas obtainedusingHybrid A, whenwe allow the GRASP-ILS-PRo
performalargesearchalmosto5%of thetime andthenthe memeticalgorithmtry to obtain
abettersolutionusingthe outputof the previousone.

Theresultsarecompetitve, shaving thatfor the hardesinstancef Taillard's bench-
mark,i.e. theoneswith 100jobsand20 stagesthe heuristicscan nd a solutionnoworse
than2.5%o0f the bestknown upperboundin lessthan80 secondsvith 80% probability.

We alsodiscussedomecharacteristicaboutthe dif culty of thebenchmarkandsome
new resultspresentedn arecentpaperthatneedto bereviewed.

This paperis animportantstepin the directionof a more ambitiousprojectin which
we considera real-world schedulingproblem. The next stepin our researchs the con-
siderationof sequencelependensetupsandduedatesin someor all stages.We arealso
consideringamulti-objective approachtrying to obtaina e xible algorithmthatcouldface
differentpracticalcircumstancesWe believe thatin thesemorecomplicatedcaseghe use
of thesekinds of hybrid approachewill be mostadwantageous.
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