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tWe 
onsider the unrelated ma
hine s
hedulingproblem where ea
h job may have a di�erent pro-
essing time on ea
h ma
hine. This model a

uratelyrepresents systems where ea
h ma
hine or workerhas di�erent abilities. A spe
ial 
ase of this prob-lem is tru
k s
heduling in a 
ross-do
king environ-ment where in
oming tru
ks are s
heduled to doorsand their 
argo is moved to outgoing tru
ks. Westudy two algorithms that attempt to minimize theaverage wait time for the general unrelated ma
hines
heduling problem, a non-lookahead algorithm anda lookahead algorithm. We show by extensive simu-lation that the lookahead algorithm produ
es s
hed-ules that are up to 35 per
ent better than the non-lookahead model.Keywords: Job S
heduling, Cross-Do
king, Heuris-ti
, Simulation, Lookahead1 Problem Des
riptionWe are interested in job s
heduling of unrelatedma
hines, where ea
h ma
hine has di�erent abili-ties. Formally, we have a set of n jobs we wish tos
hedule on m ma
hines. In addition to an arrivaltime rj , ea
h job Jj has a set of pro
essing timespi;j representing the time requirement on ma
hinei, for i = 1; : : : ;m. We are interested in s
hedul-ing algorithms that minimize the average wait time,1nsumnj=1wj , where wj is the amount of time betweenwhen a job arrives, rj , and when it begins exe
ution.Unrelated ma
hine s
heduling is useful when mod-eling systems where pro
essing times are determinedbased on whi
h ma
hine exe
utes ea
h job. Forexample, a spe
ial 
ase of the unrelated ma
hines
heduling problem is 
ross-do
king [3℄. Here, wehave a set of re
eiving doors where tru
ks are un-loaded and a set of shipping doors where 
argo isloaded. On
e a tru
k is assigned to a re
eiving door,the pallets on that tru
k must be unloaded and takento the appropriate shipping door. See Figure 1 fora representative 
ross-do
king layout: R1; : : : Rr arere
eiving doors and S1; : : : Ss are shipping doors. Inthis system, 
onsider a tru
k full of pallets destinedfor various shipping doors. Sin
e ea
h pallet must bemoved to the appropriate shipping door, the 
hoi
eof re
eiving door determines the unloading time ofthe tru
k.
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1 Figure 1Unlike the general unrelated model where pro
ess-ing times 
an be arbitrarily large or small, the un-loading times for any tru
k is bounded by the sizeof the 
ross-do
k and the number of pallets on thetru
k. Assume we have a tru
k of 
 pallets all des-tined for shipping door S1. If the tru
k is assigned tore
eiving door R1, then the unloading time is min-imized at 
 � d. Likewise, if the tru
k is assignedre
eiving door Rr, the maximum time of 
 � (r+ d) isneeded.In this paper, we des
ribe a realisti
 model forunrelated job s
heduling and then des
ribe two algo-rithms for making s
heduling de
isions in this model.After explaining why analyti
al study is untenable,we 
ompare the algorithms using simulation. Thissimulation demonstrates that the lookahead algo-rithm produ
es s
hedules with average wait timesthat are up wards of 35 per
ent better than the non-lookahead algorithm.Although many previous s
heduling results uselookahead [5, 7℄, the de�nitions di�er. Our work isa 
ontinuation of Mao and Kin
aid [6℄, who showthe bene�ts of lookahead on a one-pro
essor s
hedul-ing problem. We have also shown the bene�t oflookahead in a two identi
al pro
essor system [2℄.Lookahead has not been applied to the general unre-lated ma
hine model. Gue [3℄ 
onsidered lookaheadin the 
ross-do
king model, however his de�nitionsimply means knowledge of the 
argo of the tru
k.2 Lookahead ModelA s
heduling algorithm must de
ide when to exe-
ute ea
h job and on whi
h ma
hine. An o�ine algo-rithm knows everything about the jobs when makingde
isions. It knows when jobs will arrive and the pro-
essing times of ea
h job. Using this information, ano�ine algorithm 
an 
reate an optimal s
hedule. Onthe other hand, an online algorithm 
onsiders thejobs in the order of arrival and s
hedules ea
h jobwithout knowledge of future jobs.We are interested in algorithms that are di�erentfrom the 
onventional o�ine and online algorithms1



in two ways. First, we utilize lookahead. Unlike ano�ine algorithm that knows everything about the fu-ture jobs or an online algorithm whi
h 
onsiders onlythe 
urrent job, a lookahead algorithm has knowledgeof a portion of the jobs that will arrive in the nearfuture. We feel that this middle ground represents amore realisti
 situation. Consider a do
tor who re-sponds to patients' requests for an oÆ
e visit. Thedo
tor is unable to know all su
h requests that willo

ur in the future, however, she has a

ess to an ap-pointment book whi
h re
ords all requests in the nearfuture, say, up to next month. In general, lookaheadis used to �nd out future requests and then allo
ateresour
es in su
h a way to optimize the quality ofservi
e.The se
ond di�eren
e relates to the algorithm'ssense of time. In e�e
t, o�ine and online algorithmsoperate outside time. Both algorithms are free tos
hedule jobs at any time, so long as it is not earlierthan the arrival time of the job. In our model, allde
isions are made relative to 
owing time. If a jobis not immediately s
heduled when it arrives, it ispla
e into a wait queue.Be
ause of these di�eren
es, our lookahead algo-rithm represents a more realisti
 approa
h that fallsbetween overly optimisti
 o�ine algorithms and pes-simisti
 online algorithms. To implement a looka-head algorithm, we need a variety of 
omponents.First, we require a wait queue to hold jobs that havearrived but are not yet s
heduled. To in
orporatelookahead, we need a se
ond queue to hold infor-mation about the jobs that will arrive in the nearfuture. We also need two pro
esses, one to maintainthe queues by adding and deleting jobs, and anotherto make s
heduling de
isions, using the algorithmswe have developed.3 AlgorithmsWe are interested in the improvement of a looka-head algorithm over a traditional online algorithm.Both algorithms make de
isions relative to 
owingtime, the only possible de
isions are to s
hedule a jobon an idle pro
essor or to wait. Sin
e neither algo-rithm has 
omplete knowledge of the future, neither
an make the optimal de
ision in all 
ases. The bestea
h algorithm 
an do is to make a de
ision usingthe known information. Spe
i�
ally, the algorithmassumes that no further jobs will arrive and de
idesto wait or s
hedule based solely on the known jobs.For the non-lookahead algorithm, assuming thatno further jobs will arrive redu
es the problem tothe o�ine problem where all jobs are known in ad-van
e. Consequently, the non-lookahead algorithmnever de
ides to hold a ma
hine idle, as doing so onlyin
reases the wait time of jobs. The de
ision the non-lookahead algorithmmakes determines whi
h waiting

job will be s
heduled on the idle pro
essor. The so-lution to the o�ine problem 
an be found by trans-lating the problem into a weighted mat
hing prob-lem [1℄.We 
ompare this online algorithm with ourlookahead-1 algorithm. In addition to knowledge ofjobs in the wait queue, this algorithm also has a
-
ess to the lookahead queue, 
ontaining the next jobto arrive. Using this information, the lookahead-1algorithm 
an make s
heduling de
isions that 
reateopportunities for improvement in the overall s
hed-ule. Spe
i�
ally, by 
ausing a small additional waitof an already waiting job, the lookahead algorithm
an greatly redu
e the wait of the lookahead job and
onsequently redu
e the average wait time of the en-tire sequen
e.Similar to the non-lookahead algorithm, the looka-head algorithm assumes that no further jobs will ar-rive other than the lookahead job. Next, the looka-head algorithm 
omputes the non-waiting s
hedulewhere no ma
hine is ever held idle. In this s
hedule,the lookahead job is simply added to the wait queuewhen it arrives. The lookahead algorithm 
omparesthis s
hedule with the waiting s
hedule, where a ma-
hine is held idle until the lookahead job arrives andis exe
uted. If the waiting s
hedule produ
es a betters
hedule, the algorithm will wait, otherwise it willexe
ute a job a

ording to the non-waiting s
hedule.4 Algorithm AnalysisIntuitively, the lookahead algorithm should pro-du
e better s
hedules than the non-lookahead algo-rithm, and we would like to quantify this improve-ment. Competitive analysis is the traditional methodto analyze online algorithms and 
an be used to studylookahead algorithms. With this te
hnique, we 
om-pare an algorithm to the idealized, optimal algorithmthat produ
es the best s
hedule in all instan
es. Wesay that an algorithm A is 
-
ompetitive if, for allinstan
es, A(I) � 
 �OPT (I) where A(I) is the aver-age wait time for instan
e I given by A and OPT (I)is the optimal.For unrelated ma
hine s
heduling with job arrivaltimes, it has been shown that there 
annot exist analgorithm with a bounded 
ompetitive ratio [4℄. Thatis, for any algorithm, there exists an instan
e wherethe optimal algorithm produ
es a s
hedule that is in-�nitely better. The basis for this in�nite ratio is thatafter any job is s
heduled on ma
hine i, it is possiblethat another job arrives that has massive pro
essingtime on all ma
hines ex
ept ma
hine i. Sin
e thatma
hine is already busy, the algorithm ends up ex-e
uting the job using a large pro
essing time. Theoptimal s
hedule \knows" whi
h ma
hines to leaveidle and avoids the large pro
essing times.Sin
e we know that we 
annot 
reate an algorithm2



with bounded 
ompetitive ratio, we are interested inother methods to evaluate algorithms for this prob-lem. In this 
ase, the use of simulation is appropriate.5 Simulation ResultsOne of the most important properties when set-ting up a simulation is stability. If jobs arrive fasterthan they 
an be pro
essed, the number of jobs inthe wait queue will grow toward in�nity. Stabilityis a
hieved as long as the jobs arrive at a rate lessthan or equal to the rate they 
an be pro
essed. Weare interested in the behavior of the system at thestability point.In a traditional job s
heduling model, where ea
hjob has the same pro
essing time on ea
h ma
hine,the stability point o

urs when the average inter-arrival time equal the average pro
essing time di-vided by the number of ma
hines. In our model,ea
h job has a range of possible pro
essing times, butonly one time will a
tually be utilized. When the ma-
hines 
an pro
ess the arriving jobs faster than thearrival rate, stability is not an issue and it does notmatter whi
h time is used. At the stability point,the most eÆ
ient way to pro
ess jobs is to s
heduleea
h job where it requires the least pro
essing time.Based on this observation, given the distributionfor pro
essing times, we 
an 
al
ulate the appropriatearrival rate to a
hieve stability. The average pro
ess-ing time at the stability point will be the minimumof m pro
essing times. This value 
an be modeled asa Markov 
hain and 
omputed in 
losed form whenpro
essing times are drawn from standard distribu-tions.Intuitively, lookahead will be most bene�
ial whena large job is held to wait for the arrival for a smalljob. To test this idea, we simulated a 2 ma
hine en-vironment of unrelated ma
hines. Inter-arrival rateswere assumed to be exponentially distributed andservi
e times were drawn from a variety of hyper-exponential distributions. This 
hoi
e was made be-
ause it allowed us to 
ompute the stability point in
losed form and be
ause it allowed a high varian
eof pro
essing times. In general, this means that verylong jobs will o

ur along with small jobs.When running the simulation, all parameters ex-
ept the pro
essing times and arrival rates were �xed.For 100 jobs, we varied the pro
essing times andthen used the 
losed-form solution of the Markov
hain to 
al
ulate the 
orresponding arrival rate toa
hieve stability. Spe
i�
ally, we drew from a hyper-exponential(�1; �2; �) with �1 �xed at 1, �2 varyingfrom 5 to 95, and � ranging from .5 to .85. Figure2 summaries the improvement in average wait timeof the lookahead algorithm over the non-lookaheadalgorithm.
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Figure 2The lookahead algorithm produ
es s
hedules thatare between 10 and 35 per
ent better than the 
orre-sponding non-lookahead s
hedule. In part, this im-provement 
orresponds to an in
rease in the varian
e.The varian
e of a hyper-exponential distribution isde�ned to be � � �1 + (1� alpha) � �2As �2 in
reases, the varian
e of the pro
essingtimes also in
reases. By 
reating jobs with largerpro
essing times, we 
reate opportunities for the al-gorithm to hold a ma
hine idle to wait for a smallerjob to arrive.However, simply in
reasing the varian
e does notmean the lookahead algorithm will have better per-forman
e. As � in
reases, the varian
e of the hyper-exponential distribution de
reases, espe
ially as �2be
ame larger. In this 
ase, when a large job is inthe wait queue, it is mu
h more likely that the looka-head will be a small job and the algorithm 
an gainimprovement by waiting. Therefore, improvemento

urs be
ause long jobs are delayed for the arrivalof short jobs.
Two Unrelated Machine Scheduling
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Figure 3The use of 100 jobs demonstrates the transientbehavior of the system. We also ran the simulationwith the 1000 jobs. Figure 3 summarize these re-sults. For small values of �, the distribution of jobsgives numerous large jobs with a slight majority ofsmall jobs. In these situations, the lookahead al-gorithm produ
es little improvement. However, for3



large values of �, the large majority of the jobs areshort and up to 30 per
ent improvement 
an stillbe made. These observations further support theidea that when long jobs are delayed to wait for thearrival of short jobs, improvement is made. In gen-eral, the strength of lookahead is this ability to knowwhen it is bene�
ial to hold a ma
hine idle.6 Future WorkAlthough 
ompetitive analysis 
annot be appliedin a meaningful way to unrelated ma
hine s
hedul-ing, we believe it 
an be used in the 
ross-do
kingmodel. For any tru
k, the unloading time is at leastthe number of pallets times the distan
e to the 
los-est shipping door. Likewise, the maximum unload-ing time is based on the distan
e the the furthestshipping door. Given these upper and lower boundsof pro
essing time for any tru
k, we hope to �nd ameaningful 
ompetitive ratio for this model.Referen
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