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A Comparative Study of Online Scheduling Algorithms forNetworks of WorkstationsOlaf Arndt a, Bernd Freisleben a, Thilo Kielmann b;� and Frank Thilo aa Dept. of Electrical Engineering and Computer Science, University of Siegen. Germany,E-mail: farndt,freisleb,thilog@informatik.uni-siegen.deb Dept. of Mathematics and Computer Science, Vrije Universiteit, Amsterdam, The Netherlands,E-mail: kielmann@cs.vu.nlNetworks of workstations o�er large amounts of unused processing time. Resource management systems are ableto exploit this computing capacity by assigning compute-intensive tasks to idle workstations. To avoid interferencesbetween multiple, concurrently running applications, such resource management systems have to schedule applicationjobs carefully. Continuously arriving jobs and dynamically changing amounts of available CPU capacity make traditionalscheduling algorithms di�cult to apply in workstation networks. Online scheduling algorithms promise better results byadapting schedules to changing situations. This paper compares six online scheduling algorithms by simulating severalworkload scenarios. Based on the insights gained by simulation, the three online scheduling algorithms performingbest were implemented in the Winner resource management system. Experiments conducted with Winner in a realworkstation network con�rm the simulation results obtained.1. IntroductionNetworks of workstations are by now ubiquitous gen-eral purpose computing platforms. Since the consoleusers of workstations in a network typically do not fullyutilize the processing capabilities of their machines (e.g.while editing text, reading mail, browsing the Web, orbeing physically absent), the idle time of workstations isfrequently as high as 95%. On the other hand, there isa high demand for computing power driven by applica-tions from �elds like simulation and optimization [29].Software packages that assign such compute-intensiveapplications to idle workstations are known as resourcemanagement systems (RMS) [4]. Such systems have tocope with two con
icting objectives. First, interactivetasks demand minimal completion time to satisfy hu-man users sitting in front of a workstation. Second, non-interactive background tasks (sequential as well as par-allel batch jobs) demand maximal throughput to com-plete as many jobs as possible within given time con-straints.Interactive tasks can be divided into two groups: (a)tasks generated by the workstation's console user, and(b) tasks scheduled by a RMS to remote machines. The� Corresponding author

tasks in group (a) have to be executed without inter-ference by any tasks from other jobs, because otherwiseusers would not be willing to make their machines avail-able to workstation pools controlled by a RMS. Underthis restriction, a RMS can assign additional interac-tive jobs (such as compile or text formatting jobs) tofast workstations, making them accessible to ownersof slower machines. Additionally, a RMS can executebatch jobs on fast or idle workstations to maximize sys-tem throughput (i.e. the e�cient utilization of all re-sources) under the constraint of providing predictableindividual completion time and fairness of executionamong the tasks.Unlike dedicated compute servers, such as worksta-tion clusters (i.e. physically adjacent, interconnectedworkstations without monitors and keyboards), or sym-metric multiprocessors (SMP) with shared memory,networks of workstations form heterogeneous collectionsof individual machines. They di�er not only in CPUspeeds, but also in their hardware architectures, oper-ating systems, and application software. These restric-tions split the available nodes into subsets able to ser-vice particular requests. Job placement decisions thenhappen by choosing nodes from members of such a sub-set. In general, the goals of resource management sys-



2 O. Arndt et al. / A Comparative Study of Online Scheduling Algorithms for Networks of Workstationstems for such a heterogeneous workstation network en-vironment are threefold:1. The RMS has to keep track of the current state ofthe workstations in the network. For each machine,static resources like hardware architecture, compu-tational speed, and main memory capacity have tobe recorded. The current utilization of a machineand the occupancy by a console user must be mon-itored dynamically.2. Interactive tasks have to be scheduled immediatelyon the currently best suited machine able to servicea given request.3. Batch jobs have to be scheduled in a way that fol-lows the two objectives of maximizing throughputwhile minimizing individual job completion times.Whenever the set of pending batch jobs exceeds theavailable computational resources, jobs have to be ex-ecuted in a coordinated manner to avoid performancepenalties caused by interferences between multiple con-current jobs. Coordinated execution of batch jobs iscalled scheduling . Its goal is to make all available work-stations share the total load by carefully assigning jobsto workstations.With scheduling systems, jobs are entered into wait-ing queues after their creation, and the scheduler thenselects jobs from these queues as resources become avail-able. Settings in which all jobs are available before thescheduler begins planning their execution schedule arecalled o�ine scheduling problems. In contrast, settingswhere the scheduler must make a decision for presentlyarriving jobs while some other jobs are already run-ning in the system are called online scheduling prob-lems [34,35,40]. Since in typical workstation networksjobs are permanently created while other tasks are al-ready running, and available CPU capacity changes dy-namically due to interfering interactive jobs, traditionalo�ine scheduling algorithms are hardly applicable.Online scheduling has recently attracted the atten-tion of several researchers. Theoretical results have al-ready indicated the performance of online schedulingalgorithms in terms of lower and upper bounds [34].In contrast, the goal of this paper is to comparativelyevaluate several online scheduling algorithms by study-ing their performance in practice. To get basic insightsand to cover a large variety of scheduling scenarios ina timely manner, we developed a simulator for online

scheduling algorithms. Based on our simulation results,we integrated the most suitable online scheduling algo-rithms into the Winner RMS [1] and veri�ed our �nd-ings in a real workstation network.Since in this paper we focus on the behavior of on-line scheduling algorithms, we do not discuss issueslike queue management, handling user priorities, andmatching between job requests and available resources,although solutions to each of these problems were imple-mented inWinner. Furthermore, we restrict our studyto scheduling by placement of batch jobs onto availableworkstations in a network. Finer grained schedulingissues like task switching in operating-system kernels,or application-level load distribution (e.g. on the looplevel) are beyond the scope of this particular study.The paper is organized as follows. Section 2 discussesobjective functions for online scheduling. In section 3,several online scheduling algorithms are compared bysimulation. TheWinner resource management systemalong with its scheduling and runtime prediction algo-rithms is presented in Section 4. Section 5 evaluates theperformance of Winner's online scheduling algorithmsin a real workstation network. Section 6 reviews relatedwork. Section 7 concludes the paper and discusses areasfor future research.2. Online SchedulingAs already mentioned, there are two basic types ofscheduling problems: online and o�ine scheduling [34].In o�ine scheduling, the entire set of jobs to be sched-uled including relevant information (in particular, theruntime of each job) is known before a scheduling deci-sion is made. In online scheduling, a scheduling decisionmust be made as soon as one or more jobs are availableto be started. There is no information about the arrivalof additional jobs in the future, and the runtimes of thepresent jobs may or may not be known. In general, inboth o�ine and online scheduling, preemption of jobs isoptional. For the scope of this paper, however, preemp-tion is not considered. Once a job has been assigned toa machine, it stays there until it is �nished. This is areasonable assumption for networks of workstations inwhich task migration is very costly (if at all possible)and easily outweighs the possible improvements on theschedule. Also due to the nature of workstation net-works, we investigate centralized scheduling algorithms



O. Arndt et al. / A Comparative Study of Online Scheduling Algorithms for Networks of Workstations 3only which can be executed on a server machine withnegligible overhead on the overall system performance.Any solution to a scheduling problem aims to opti-mize a particular objective function. The most commonobjective functions are:� makespan Cmax: the di�erence between the �nishtime (i.e. the termination time) of the last job andthe release time (i.e. the arrival time in the system)of the �rst job;� 
owtime PFi: the sum (total 
owtime) or the av-erage (average 
owtime) of the di�erences betweenthe �nish and release times of all jobs;� maximum waiting time (maximum lateness) Lmax:the maximum of the di�erences between the starttimes (i.e. the time when a job starts executing) andthe release times of all jobs.Most scheduling algorithms proposed in the litera-ture try to minimize the makespan. The makespanmeasures the performance of the system in the sensethat the entire set of jobs will be scheduled in such away that it takes as little time as possible to �nish alljobs, without focusing on any single job. Minimizing the
owtime means that the time each job is in the systemshould be as small as possible, such that jobs should be�nished soon after they were released. The maximumwaiting time measures the fairness of the correspondingalgorithm: no job should be blocked by other jobs for along time (especially by jobs with later release times).Since we need a comparative value for the corre-sponding objective function, a scheduling algorithm ischaracterized by its competitive ratio � [16,34]. An algo-rithm is called �-competitive for a given objective func-tion, if for each input instance the schedule is at most� times larger than the optimal schedule.There are di�erent online scheduling paradigms dis-cussed in the literature. We discuss the two most real-istic models.In the �rst online scheduling paradigm, jobs can ei-ther be started immediately upon arrival, or they maybe delayed and started later (i.e. there is a queue).The running time of each job is unknown until the jobis �nished. If we assume that there is an o�ine �-competitive algorithm (with respect to the makespan)where all jobs are given at time 0, Sgall proved that a2�-competitive online algorithm exists [34]. However,without knowledge of the running times of jobs, there

is not much on which a reasonable scheduling decisioncan be based.In the second online scheduling paradigm, jobs arearriving over time [30] and placed into a queue. Theirruntimes are known when they arrive in the queue.It has been shown that there is a 2-competitive algo-rithm [35] (with respect to the makespan) for any on-line scheduling of jobs arriving over time. The lowerbound of the competitive ratio of any online algorithm(with respect to the makespan) is 1.3473 [7] if no pre-emptions are allowed. If preemptions are allowed, thereare (1+�)-competitive algorithms for any � > 0 [34]. Asummary of lower and upper bound results for jobs ar-riving over time for several objective functions has beenpresented by Vestjens [40]. Throughout this paper, wewill use such a setting. In an actual implementation,runtimes may either be user speci�ed or automaticallyderived from historical data.The theoretical analysis of online scheduling algo-rithms is concerned with proving upper and lowerbounds and determining the competitive ratios forparticular objective functions. In practice, however,bounds for particular objective functions are of lim-ited value, since quite often either algorithms with abalanced behavior for di�erent objective functions areneeded, or in certain circumstances an algorithm witha high upper bound may be acceptable if this boundis reached only in a few exceptional cases. Further-more, most theoretical analyses are based on assumingan environment with identical machines, exact runningtimes, exclusive machine access, only sequential jobsetc. In a realistic environment, there are heterogeneousworkstations running with di�erent speeds, which usu-ally depend on a variety of other factors, such as thecurrent load. Quite often the set of jobs to be sched-uled consists of sequential and parallel jobs (with orwithout exact running times).Furthermore, in a resource management system fornetworks of workstations there is no single suitable ob-jective function that should be minimized. Since insuch a system jobs are arriving permanently, there isno closed set of jobs and thus no makespan accordingto the de�nition given above. Minimizing the 
owtimecomes closest to the goal of a resource management sys-tem, but since no job should be delayed for a very longtime, and starvation of (parallel) jobs should be pre-vented, the maximum waiting time of each job must



4 O. Arndt et al. / A Comparative Study of Online Scheduling Algorithms for Networks of Workstationsalso be minimized in order to allow the system to beaccepted by its users.3. Comparison of Online Scheduling AlgorithmsTo investigate the characteristics of di�erent onlinescheduling algorithms in practice, we performed a com-parative study based on extensive experiments as analternative to mathematical analysis.The most realistic experimentation approach wouldbe to implement di�erent algorithms as part of thescheduling module ofWinner, create various job mixesof real applications and execute them on a workstationnetwork. However, the completion time for runningsuch job mixes makes it practically impossible to per-form su�cient numbers of measurements. Furthermore,workload from other workstation users would prevent usfrom studying the behavior of our scheduling algorithmsin isolation.Instead, we implemented a simulator for onlinescheduling algorithms for sequential and parallel jobs innetworks of workstations. This approach solves both ofthe above problems, because competing workload doesnot a�ect the results. Furthermore, simulations can beperformed orders of magnitude faster compared to theexecution of real jobs. Based on our simulation results,we implemented the best-suited algorithms as part ofWinner. We veri�ed our �ndings with a few, carefullyselected experiments performed in a real workstationnetwork while isolating the network from other users.We describe those measurements in Section 5. In thissection, we discuss the candidate online scheduling al-gorithms, we describe our simulation environment, andwe present the �ndings of our simulation-based experi-ments.3.1. Scheduling AlgorithmsWe will now present the properties of the schedulingalgorithms implemented in our simulator.� FIFO:First In First Out is the most obvious and simplestalgorithm for online scheduling. All jobs are startedin exactly the same order in which they arrive in thequeue. There is no exception to this rule. When thenext job in the sequence cannot be started, FIFO willnot try to start any of the succeeding jobs.

The main problem with FIFO is the possible pres-ence of large gaps of unused machines when the nextjob to be scheduled is one requiring a large numberof nodes. E.g. consider a situation where a singlesequential job is running on one node while all othernodes are idle, and the next job in the waiting queueis a parallel job that requires all of the nodes. Sinceone machine is still busy, the parallel job cannot bestarted immediately, which in turn stops all otherjobs in the waiting queue from getting started, al-though most of them would need fewer nodes thanavailable. This causes many nodes to idle until thesingle machine job �nally terminates, allowing theparallel job to be executed.The advantage of FIFO is that it can be easily ande�ciently implemented, its behavior is highly pre-dictable and its order of job execution is fair, i.e. nojob can be delayed by jobs that are submitted at alater time.� FirstFit:The FirstFit algorithm examines the waiting jobs inthe order of their arrival in the queue and executesthe �rst of these jobs for which enough machines areavailable. In contrast to FIFO, a single job cannotblock all other jobs from becoming active. Thus,FirstFit will generally achieve a much higher nodeutilization. As long as there are jobs in the waitingqueue which need only a few nodes, this algorithmcan keep most of the machines busy.The drawback, however, is that parallel jobs requir-ing a large fraction of the nodes can be signi�cantlydelayed by smaller jobs. In case of an in�nite streamof jobs requiring a small number of nodes, it is theo-retically possible that a large parallel job will neverbe started. Another disadvantage is FirstFit's limitedpredictability, because newly submitted jobs can fur-ther delay the start of a job which has already waitedfor some time.� Random:Random is similar to FirstFit, with the exception thatthe next job is picked randomly out of the jobs in thewaiting queue. Thus, each job in the queue has thesame chance of getting started at a given point oftime regardless of its position within the queue. Ob-viously, compared to FirstFit it is even harder to pre-dict when a given job will be scheduled, and thereforethe maximum waiting time is in general higher.



O. Arndt et al. / A Comparative Study of Online Scheduling Algorithms for Networks of Workstations 5� LPT:Largest Processing Time First simply selects the jobrequesting the longest processing time [23,34]. If thisjob cannot be started, other jobs will have to waitas well. The idea behind this scheme is to minimizethe makespan, mainly by avoiding situations wherea single long-running job becomes the dominatingfactor when started close to the end of the schedule.As a drawback, LPT increases the average 
owtime,because many short jobs are delayed signi�cantly.It is di�cult to apply this algorithm to a schedulingproblem when the available nodes have di�erent (or{ even worse { varying) processing capacity. Thisis due to the fact that in this case a job's runtimedepends on both the amount of computations it per-forms and the speed of the nodes it will be scheduledon. The latter factor, however, will vary dependingon the job's degree of parallelism and the currentstate of the nodes. The LPT algorithm studied inthis paper just compares the jobs' static processingtime needs.� SPT:Similar to LPT, the Shortest Processing Time Firstalgorithm uses job processing times as the criterionfor deciding which job to start. However, the jobordering is the exact opposite, i.e. the job havingthe lowest processing time is started �rst.This procedure aims to minimize the average waitingtime of all jobs, since short running jobs are startednear the beginning of the schedule and will not bedelayed by those with higher runtimes. Accordingly,this results in a higher makespan as the most expen-sive jobs are started last, and there is a high proba-bility of one of them running exclusively for a signif-icant fraction of time, thus extending the makespan.Again, the SPT algorithm investigated in this paperuses the static processing time attribute of each joband blocks all waiting jobs if the selected job cannotbe started due to a shortage of free nodes.� FIFO with Back�lling:The Back�lling FIFO is a modi�ed FIFO algorithm.FIFO's main problem is its low utilization of the com-puting nodes due to the possible occurrence of largetime gaps with several nodes unused whenever a par-allel job requiring a large number of nodes has to bespawned. The idea of back�lling is to place short-running jobs into this gap without causing an addi-

tional delay of the large parallel job. This is basicallydone by calculating the size of the remaining gap, i.e.the time di�erence between the predicted startingtime of the parallel job, and the current time. Thisgap will be consecutively compared to the runtime ofeach waiting job. If a job's runtime is smaller thanthe size of the gap, the job �ts into the gap and willbe started right away.The Back�lling FIFO tries to get the best of bothworlds: a good utilization of all nodes and thus asmall makespan like FirstFit, and the fairness, goodpredictability (a job might be started earlier thanexpected, but not later) and small maximum waitingtime of FIFO. However, to be able to back�ll jobssuccessfully, the predicted runtimes must be quiteaccurate, since otherwise the parallel job causing thegap will be delayed by the back�lled ones.3.2. The Online Scheduling SimulatorThe simulator models a set of nodes (workstations)with possibly di�erent processing performance, a jobmix of several independent jobs and several schedulingalgorithms. Each job is submitted to the waiting queueat a di�erent point of (simulation) time. All jobs in thewaiting queue are subject to the scheduling algorithm'sjob selection function and may hence be scheduled on asubset of the nodes. Once a node is assigned to a job,it is marked as busy and not available to process anyother job until the active job has terminated.In the scheduling model implemented in the simula-tor, the scheduling algorithm itself has the sole purposeof deciding which job - if any - to schedule at a givenpoint of time. The actual placement of this job onto thecorresponding nodes is the same for all algorithms: Agreedy scheme is used that always assigns the selectedjob to the currently fastest idle node. This scheme isquite natural and yields proper results. There are somesituations, however, where ignoring a very slow work-station in favor of a faster machine to become availablesoon may result in a shorter makespan, potentially atthe price of increased waiting times.The simulator's outer loop de�nes a number of it-erations. In each iteration, a �xed number of jobs israndomly created, constituting the job mix for this run.Each of these jobs is de�ned by the following attributes:� queueing time:



6 O. Arndt et al. / A Comparative Study of Online Scheduling Algorithms for Networks of WorkstationsThe queueing time is the point of time at which thejob is submitted to the queue; prior to this point thejob is not known to the scheduling algorithm.� degree of parallelism:For sequential jobs, the degree of parallelism is setto 1. For parallel jobs, the degree of parallelism is a�xed number smaller or equal to the total number ofnodes and determines the number of nodes the jobwill occupy. A job cannot be started if its degree ofparallelism exceeds the number of available nodes.� processing time:The processing time is the total CPU time the jobwill consume on a workstation with a normalizedspeed. For parallel jobs, the processing time is accu-mulated over all processes. The runtime of the job isthe quotient of this processing time and the speed ofthe node(s) it is scheduled on. Thus, we assume thatthe jobs are purely CPU bound, i.e. no signi�cantfraction of time is used for waiting on I/O events,and there is no additional load on the workstations.Furthermore, any job startup cost is neglected.Once the job mix has been generated, the simula-tion itself is started using the �rst scheduling algorithm.Queueing and process termination events are handledby managing the state of the nodes and activating thescheduling algorithm for each event. Makespan, aver-age 
owtime and maximum waiting time are calculatedafter all jobs were successfully scheduled and have com-pleted their simulated execution.Next, the simulation is repeated with another algo-rithm. After all algorithms have scheduled the samegiven job mix, the next iteration is started by gener-ating a new job mix. When all iterations are done,an average is calculated for each objective function andalgorithm. The simulator can be controlled by the fol-lowing parameters:� number of iterations:The total number of iterations for the simulation;larger numbers of iterations simply yield more ac-curate results, since the inherent randomness causessigni�cant 
uctuations between single runs.� number of jobs (n):The number of jobs for each job mix.� set of nodes:The number and relative speed of the computingnodes.

� percentage of sequential jobs (Ps):The ratio between the number of sequential and par-allel jobs.� percentage of large parallel jobs (Plp):The ratio between the number of small and largeparallel jobs; a large parallel job is de�ned to requireat least 50% of all nodes.� timespan of job creation (Tc;max):The range of time during which the jobs are cre-ated, i.e. submitted to the waiting queue; for o�inescheduling, Tc;max = 0, since all jobs are created atthe same time.� sequential job processing time (ts;min / ts;max):The minimum and maximum processing time thatsequential jobs consume; the actual processing timeof each sequential job is uniformly distributed withinthese limits.� parallel job processing time (tp;min / tp;max):The minimum and maximum processing time forparallel jobs; the actual processing time of each par-allel job is uniformly distributed within these limits.3.3. Simulation ResultsTo get a better understanding of the properties ofthe algorithms, di�erent scheduling scenarios are pre-sented. Starting with the most basic case of scheduling,(sequential jobs, o�ine, and in a homogeneous environ-ment), each new scenario will become more complexand realistic or will, alternatively, focus on a di�erentparameter. Each plot shown below displays a single ob-jective function (either makespan, average 
owtime ormaximum waiting time) for several algorithms as a func-tion of some variable while all other parameters remain�xed. We will mainly concentrate on the makespan andthe maximum waiting time, because the former can beinterpreted to represent the overall performance of theschedule, while the latter indicates the fairness for eachindividual job.3.3.1. O�ine Scheduling of Sequential JobsThe �rst scenario is a simple o�ine scheduling prob-lem: All jobs are submitted to the queue at the begin-ning of the simulation, the job mix consists of sequentialjobs only, and there are 10 nodes of equal processingspeed. Without any parallel jobs, FirstFit and Back�ll-ing are identical to FIFO and have thus been excluded



O. Arndt et al. / A Comparative Study of Online Scheduling Algorithms for Networks of Workstations 7from the plots. For an o�ine problem like this one,the maximum waiting time di�ers from the makespanonly by a constant factor, approximately a single job'sruntime. Therefore, we focus on makespan and average
owtime.
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is quite low, with LPT performing best, just as antic-ipated. FIFO, SPT and Random yield very similar re-sults.With respect to the 
owtime, SPT is clearly supe-rior to the other algorithms, in particular to LPT whichmaximizes the 
ow time. This result is in accordanceto the discussion in Section 3.1.3.3.2. Online Scheduling of Sequential JobsIn the next experiment, the previous scenario istransformed into an online setting. The maximum pro-cessing time is set to 50000 seconds, while the timespanfor creating jobs (Tc;max) varies from 0 (the o�ine case)to 10000 seconds. The larger the timespan, the less jobsare known to an algorithm at a given time, since the re-lease times are distributed over a larger fraction of themakespan. As shown in Figure 2, the makespan �rstonly slightly increases with growing Tc;max. Then, therelease time of the last job becomes the dominating fac-tor, resulting in a linear increase of the makespan forall algorithms.The average 
owtime (not shown graphically) de-creases almost linearly for increasing values of Tc;max,until it approaches an average runtime of about 255 sec-onds which is the average runtime of all jobs. The rel-ative performance of the algorithms is about the sameas in the previous case.The maximum waiting time is the most interestingobjective function here. It generally decreases withhigher values of Tc;max, because less jobs pile up inthe waiting queue. While FIFO yields an immediateand clear improvement, the other algorithms have muchhigher maximum waiting times for 1000 < Tc;max <7000. For very high values of Tc;max, the maximumwaiting time approaches zero for all algorithms, becausenearly all jobs can be started immediately without hav-ing to wait for a free node.In this environment, FIFO is clearly the algorithmof choice. Its good results for the maximum waitingtime more than compensate its slight disadvantage withrespect to the makespan and 
owtime functions.3.3.3. Online Scheduling of Mixed Sequential andParallel JobsIn Figure 3, parallel jobs are introduced to the simu-lations. Tc;max is set to 10000 seconds. The percentageof sequential jobs Ps is varied between 20% and 100%.
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O. Arndt et al. / A Comparative Study of Online Scheduling Algorithms for Networks of Workstations 9havior of the algorithms changes. Back�lling is clearlythe best algorithm, while FirstFit is much worse, butfor high numbers of parallel jobs, both algorithms be-have similarly. This is caused by the higher ratio be-tween makespan and creation time span, such that themaximum waiting time cannot be much lower thanCmax�TC;Max, i.e. the time di�erence between the ter-mination of the last job and the latest release time. Itis also interesting that FIFO is highly competitive forhigh values of Ps, but performs much worse with an in-creasing number of parallel jobs where again the highermakespan of FIFO dominates. LPT and SPT exhibit thehighest maximum waiting time, because they share thedisadvantages of not starting the jobs in the order oftheir arrival and of a relatively large makespan.3.3.4. Online Scheduling with Di�erent CPU SpeedsThe next scenario (Figure 4) deals with nodes hav-ing di�erent computing speeds. Their relative speedsas measured by Winner were taken from 22 ALPHAworkstations in our local network. In this simulation,the job processing times and the creation time spanwere adjusted to better match the higher available CPUpower. Otherwise, most jobs could have been startedright away without any need of queueing.Because the graph for the makespan is very similarto the previous one, it has been omitted for this exper-iment and replaced by a plot of the average 
owtime.Similar to the makespan, FirstFit performs best for theaverage 
owtime, followed by Back�lling. SPT yieldsrather good results which is not surprising as it has beendesigned to minimize 
owtime. LPT and FIFO performworst; LPT because of its inherent property to minimizethe makespan at the expense of a high 
owtime, whileFIFO su�ers from its bad makespan results.Back�lling and FIFO perform best with respect to themaximum waiting time, because the creation time rangehas been enlarged in relation to the makespan. Thisleads to a situation which exhibits stronger character-istics of an online problem, i.e. most jobs are arrivingover time without too many of them being present inthe waiting queue at the same time. Algorithms whichtend to start jobs in the order of their release times canachieve much lower maximum waiting times than otheralgorithms, which is true as long as the makespan issu�ciently small. This is the reason why FirstFit out-performs FIFO for higher ratios of parallel jobs.
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Ps = 50% { 100% Plp = 30%ts=1000 = 2 { 100 tp=1000 = 20 { 800TC;max = 4000s nodes = 22n = 250 speed = varyingFigure 4. Online Scheduling with di�erent CPU speeds3.3.5. Online Scheduling in a Large NetworkTo see whether the simulation results scale to a largernetwork without qualitative di�erence, the number ofnodes has been changed to 100. The distribution of thenodes' relative speeds was adopted from the previousscenario.The only algorithm whose results have undergone asigni�cant change is FIFO. Its problem of building largegaps of unused nodes has become worse, since there aresimply more workstations that can be blocked from be-ing used at the same time. This manifests itself in botha higher makespan and maximum waiting time whena su�ciently high number of parallel jobs is present.Apart from this e�ect, increasing the number of nodeshas not a�ected the simulation very much.
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Ps = 50% { 100% Plp = 30%ts=1000 = 2 { 100 tp=1000 = 20 { 800TC;max = 2000s nodes = 100n = 500 speed = varyingFigure 5. Online scheduling in a large network3.3.6. Online Scheduling with a Varying Degree ofParallelismNext, we focus on the importance of the degree ofparallelism. We do this by altering the percentage oflarge parallel jobs Plp. These are de�ned as jobs whichrequire at least 50% of all workstations, so no two ofthem can be running in parallel.Whereas the makespan of the schedules generatedby FirstFit and Back�lling is nearly independent of Plp,FIFO gets steadily worse for 0% < Plp < 50% as canbe seen in Figure 6. For small values of Plp, LPT cancompete with FirstFit and Back�lling (with respect tothe makespan) but falls back when more and more jobsrequire more than half of the nodes. SPT actually per-forms best with very low or very high percentages oflarge jobs while behaving worse when confronted withan even distribution.
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FirstFitPs = 70% Plp = 0 { 100%ts=1000 = 2 { 100 tp=1000 = 20 { 800TC;max = 3500s nodes = 22n = 250 speed = varyingFigure 6. Online scheduling with a varying degree of parallelismFor the maximum waiting time, the situation changesslightly: While the e�ect on FIFO is greatly ampli�ed,FirstFit's maximum waiting time curve rises steeply un-til Plp reaches about 20% before it gradually declines.Again, LPT and SPT yield the worst results with ahigher percentage of large jobs causing higher waitingtimes. Back�lling is by far the best performer for allvalues of Plp.3.3.7. Online Scheduling with Varying Creation RangeAs already mentioned for some of the previous sce-narios, the ratio between the makespan and the timerange for job creation has a strong e�ect on the relativeperformance of the di�erent algorithms with respect tothe maximum waiting time. If the makespan is muchbigger than the job creation time range, a high percent-age of all jobs are present in the waiting queue concur-



O. Arndt et al. / A Comparative Study of Online Scheduling Algorithms for Networks of Workstations 11rently. Thus, after an initial phase with jobs arrivingat the queue over time, the problem is e�ectively con-verted into an o�ine setting. The longer the phase ofjob creation is in relation to the makespan, the more thecharacteristics of an online problem become e�ective.
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Ps = 70% Plp = 30%ts=1000 = 2 { 100 tp=1000 = 20 { 800TC;max = 0 { 10000s nodes = 22n = 250 speed = varyingFigure 7. Online scheduling with varying creation rangeTo explore the consequences of the Cmax=TC;max ra-tio more deeply we created a scenario where TC;max isvaried (Figure 7). For the o�ine problem (TC;max = 0)the di�erent algorithms' makespans are in the rangeof about 4500s - 7000s; their relative performance issimilar to the previous simulations. When TC;max ap-proaches the o�ine Cmax, the makespan begins to riseconcurrently with TC;max, since the latest job releasedate determines the minimum makespan that can beachieved. Thus, the algorithms yield almost identical

makespans for high values of TC;max.The maximum waiting time objective function ismuch more interesting. For the o�ine case, it is close tothe makespan Cmax for all algorithms. When TC;max israised, the maximum waiting time instantly decreasesfor FIFO and Back�lling. SPT and LPT remain on theiro�ine levels until the creation time span is close to themakespan. After that, the maximum waiting time de-creases rapidly. The turning point for LPT is locatedat higher values of TC;max than that of SPT and, inter-estingly, after an initial decline, the maximum waitingtime actually rises before the turning point. The same isobservable with FirstFit, but to an even greater extent:At �rst the waiting time behaves similarly to that of theBack�lling algorithm. After slowly leveling out, it risessigni�cantly, with its peak located near TC;max = 5000sbefore �nally sloping down.The Back�lling algorithm is clearly superior to allother algorithms for the middle range of TC;max. SPTand FirstFit are competitive if all release dates are closeto the beginning of the simulation. FirstFit outperformsBack�lling with respect to the makespan. It needs noprocessing time information and is easy to implement.Hence, it is the algorithm of choice when parallel jobshave to be scheduled is a setting which is mostly o�ine.3.3.8. Online Scheduling with Fuzzy Knowledge ofProcessing TimesSo far, perfect a-priori knowledge of the jobs' process-ing times was assumed in all simulations. Clearly, thisassumption is not realistic. To estimate the impact oferroneous runtime predictions, the simulator was mod-i�ed to deliver deliberately wrong processing time in-formation to the algorithms. The erroneous processingtime terr is derived from the real one tproc by the simplescheme terr = tproc � f respectively terr = tprocf (one ofthese two equations is chosen randomly for each job),where f = 1+(rand() � perr). rand() denotes a randomnumber generator which generates evenly distributedvalues in the interval [0; 1) and perr denotes the relativeerror, i.e. perr = 1 allows 0:5 tproc < terr < 2 tproc.In Figure 8 the results of erroneous processing timeinformation are shown for relative errors of 0%� 500%(perr = 0 : : : 5). Above, we identi�ed FirstFit and Back-�lling as being superior, so SPT and LPT have beendropped. FIFO has been included as a reference. Be-cause both FIFO and FirstFit do not use processing time
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FirstFitPs = 70% Plp = 30%ts=1000 = 2 { 100 tp=1000 = 20 { 800TC;max = 4000s nodes = 22n = 250 speed = varyingFigure 8. Online Scheduling with fuzzy knowledge of processingtimesinformation, the results for these algorithms should beindependent of perr. However, minor deviations in theplots can be observed, because for each value of perrdi�erent job mixes were randomly created.Back�lling, however, can be expected to su�er fromfuzzy processing time data, since it uses this informa-tion to decide whether or not to place a speci�c job intoa gap of unused nodes. As shown in Figure 8, increasingperr does actually enlarge the makespan of the Back�ll-ing schedules, but only by about 15% for perr = 500%.The e�ect on the maximum waiting time is much bigger(about 50% for perr = 500%), but Back�lling can stillperform better than FIFO and much better than FirstFitwith respect to maximum waiting time.The impact of fuzzy processing time information onBack�lling is clearly noticeable but less than one might

have expected. Obviously, with a relative error of 500%,there will be a signi�cant number of false placement de-cisions, i.e. Back�lling will try to start jobs within a gapwhich, in fact, is too small for the job's runtime. How-ever, these faults do not a�ect the objective functionsas strongly as expected. If the simulation results carryover to scheduling in a real workstation cluster whereknowledge of a job's processing time is often very lim-ited, using a Back�lling algorithm in these environmentsseems to be reasonable. From the simulations it is evi-dent that Back�lling is especially strong when the jobsdo not arrive too rapidly, i.e. jobs are created over asigni�cant fraction of time with respect to the corre-sponding makespan. Otherwise, the FirstFit algorithmmay be preferred.3.4. SummaryIn this section, we studied the behavior of six algo-rithms for online scheduling of batch jobs. The perfor-mance of these algorithms was compared with respectto three di�erent objective functions. The makespanindicates the overall system utilization whereas average
owtime andmaximum waiting time represent how wellindividual jobs are treated by the scheduler.If only sequential jobs have to be scheduled, the sim-ple FIFO algorithm performs best by minimizing themaximum waiting time while having good to averageresults with respect to makespan and 
ow time. LPTand SPT su�er from starvation problems (high maxi-mum waiting time) for short or long running jobs, re-spectively. The random algorithm performs surprisinglywell for minimizing makespan and 
owtime, but alsosu�ers from high maximum waiting times.When parallel jobs have to be scheduled too, theFIFO algorithm looses its e�ciency because its strictexecution order may cause workstations to be idle untilenough machines become available for the next job tobe scheduled. The back�lling version of FIFO and theFirstFit algorithm perform better, because they try to�ll the gaps caused by standard FIFO. In o�ine settings,FirstFit performs best, because in this case the maxi-mum waiting time directly depends on the makespanwhich is slightly better than the makespan of back�ll-ing FIFO. In online scheduling situations, the latter issuperior, because FirstFit tends to delay parallel jobsthat require many workstations until the �nal execu-tion phase in which the machine utilization then drops



O. Arndt et al. / A Comparative Study of Online Scheduling Algorithms for Networks of Workstations 13signi�cantly. In this case, back�lling FIFO performs bet-ter because it �lls gaps based on estimated runtimes.To verify our �ndings, we varied the basic parametersused in our simulations. We scaled up our simulationto a large number of machines, we varied the percent-age of parallel jobs in the job mix, and we varied thetime range in which jobs are created. All three kinds ofvariations had only minor in
uence on our simulationresults, con�rming their validity. Finally, we investi-gated the in
uence of erroneous runtime estimation onthe e�ciency of the back�lling FIFO. Surprisingly, evenextremely wrong estimates had only moderate impacton the computed schedules, as observed by the objec-tive functions. This result provides a strong argumentfor the e�cacy of back�lling FIFO.4. Online Scheduling in WinnerTheWinner resource management system supportsthe execution of interactive and batch jobs in networksof Unix workstations [1,2]. Interactive jobs may eitheruse text terminals or graphical user interfaces based onthe X-window system for input/output. Batch jobs mayeither be sequential or parallel; as parallel jobs, the gnumake tool and custom PVM applications are supported.Winner supports uniprocessor and SMPmachines, andruns on Digital Unix, FreeBSD, HP-UX, Linux, andSolaris.In this section, we present Winner's system designalong with its support for online scheduling, consistingof data acquisition, runtime normalization, and runtimeprediction.4.1. Winner system structureWinner has been designed for typical Unix networksof workstations, consisting of a central server and sev-eral workstations. The various tasks of the Winnersystem are performed by three kinds of manager pro-cesses as shown in Figure 9: system managers, nodemanagers, and job managers. Additionally, there areseveral user interface tools e.g. for status reports, forin
uencing the availability of individual workstations,and for managing batch queues.The system manager is the central server process ofaWinner network. Its duties include (a) collecting theload information of all respective workstations, (b) con-trolling the currently active jobs, (c) assigning hosts to

Figure 9. Manager processes in a Winner cluster.interactive job requests, and (d) managing batch queuesand executing scheduling algorithms.On every host in a Winner network, a node man-ager performs the tasks related to the machine it runson. First of all, it periodically measures the host's uti-lization. It reports to the system manager the host'sarchitecture, memory size, as well as the machine's basespeed Sb (measured in the absence of workload at boottime with a standardized benchmark), and the currentlyavailable speed Sc, taking the current workload intoaccount. Furthermore, node managers are responsiblefor starting and controlling Winner processes on theirnode. Whenever a job terminates, the node managerreports the consumed CPU time to the system man-ager.System and node managers run as daemon processes.In contrast, job managers are invoked by a Winneruser in order to execute interactive jobs, or to enqueuea batch job. Thus, job managers are part of Winner'suser interface. For interactive jobs, their duties are (a)acquiring resources from the system manager, (b) start-ing processes on the acquired nodes via the respectivenode managers, and (c) controlling and possibly redi-recting input and output of the started processes. Forbatch jobs,Winner provides a special \meta" job man-ager wqueue that enqueues a job instead of executing itimmediately. The respective job manager is then acti-vated under the control of the system manager whenthe job is actually scheduled. A detailed description ofWinner's batch queueing facility can be found in [2].To implement the back�lling FIFO algorithm, thesystem manager needs proper runtime informationabout each job it has to schedule. In the following, we



14 O. Arndt et al. / A Comparative Study of Online Scheduling Algorithms for Networks of Workstationsdescribe how runtime information is collected and howfuture runtimes are predicted using this information.4.2. Collecting InformationThere are two possibilities to obtain the runtime ofa job. One is to urge the user to specify the estimatedruntime of each submitted job. The second possibility isto measure the processing time a job has consumed dur-ing execution and to use this information for predictingthe runtimes of similar jobs in the future.Forcing a user to specify the runtime of a job is prob-lematic. Often users cannot properly estimate the run-time, and even if they could, wrong timings may bespeci�ed on purpose to gain scheduling advantages overother users. Such a behavior could only be defeated byaborting jobs which exceed their estimated runtimes,but this is certainly unsatisfactory for users trying toestimate their runtimes properly.Automatic runtime collection and prediction by thesystem is not trivial, either. The runtime of each job orprocess depends on a variety of factors. Even if a pro-gram consumes a constant amount of processing units,the speed of the workstation in charge determines theactual execution time. The speed of the workstation,however, depends on both its maximum performanceand on the actual concurrent work load. Furthermore,hardly any program consumes a constant amount ofprocessing units, due to possibly di�erent command linearguments or input �les being processed.Nevertheless, in Winner we decided to gather run-time information automatically. Each job that is sub-mitted to the system is speci�ed by an identi�er. Theidenti�er consists of the name of the program withouta leading path or command line arguments. Obviously,the major drawback of this approach is that di�erentprograms may have the same identi�er and thus theirruntimes may di�er signi�cantly. On the other hand,the advantage is that the runtime associated with eachidenti�er consists of many values. Thus, if most iden-ti�ers correctly indicate the same program, the averagemay be a good estimation.To take advantage of the runtimes of previous runs ofa program, Winner has to calculate a time which nei-ther depends on a particular workstation, nor on anyother simultaneously executed task. Thus, it is essen-tial to convert the measured times to a value which is

independent of a workstation. In the following, we callthis value normtime (Tnorm).Winner computes the average Tnew of several norm-times similar to the load average value in Unix kernelsas a weighted moving average using the former averageTold and the recently calculated normtime Tnorm, where0 < � < 1: Tnew = � � Told + (1� �) � Tnorm (1)4.3. Calculating NormtimeWhereas the runtime of each process of a job is mea-sured by the corresponding node manager, the systemmanager computes the normtime based on the runtimesof all processes belonging to a job. To do so, the sys-tem manager has to calculate the percentage PCPU;i ofthe CPU obtained by each process i. This calculationis based on the times tuser;i and tsystem;i the processexecuted user and system routines, respectively, andtreal;i, the total execution time of the process. Withthese times, we get the percentage of CPU utilizationfor a single process i:PCPU;i = 100 � tuser;i + tsystem;itreal;i (2)Using (2) and the (known) maximum speed Sb;j ofworkstation j where process i was executed, the systemmanager can determine the normtime Tnorm as follows:Tnorm= Xprocesses treal � Sb;j � PCPU;i100 (3)Combining (2) and (3), we get the normtime as:Tnorm= Xprocesses Sb;j � (tuser;i + tsystem;i) (4)To verify whether the normtime is independent ofthe speed and current load of a workstation, severalmeasurements were performed. A program for com-puting the value of � was used to measure the norm-time on four workstations of di�erent speeds. Addition-ally, disturbing load was produced by executing severalcomputation-intensive programs. The result is shownin Figure 10, where the x-axis shows the percentage ofCPU time obtained by the program computing �, andthe y-axis shows the calculated normtime.
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Figure 10. normtime of sequential pi-calculationIdeally, all curves should form a single horizontal lineif the normtime is completely independent of the speedand current load of a workstation. Since each singlecurve is very close to a horizontal line, the normtimeactually is nearly independent of the background load.With respect to the speed of the workstations there isa deviation of about 20% between the highest and low-est normtime calculated. This deviation is an inherentproperty of the way of representing the performance ofa workstation by a single number. To overcome thisproblem, a suitable benchmark would have to take sev-eral parameters into account and deliver a full spectrumof performance results [19,37]. Since the kind of per-formance requirements of a speci�c application is notknown to Winner, there is no way of deciding whichof these results would best correlate with the behaviorof the application. Thus, simply using a scalar valueis the best we can do. Despite of the deviations ob-served, the normtime is independent of both the speedand background load of a workstation to a large extent.Another important property of the normtime shouldbe its independence of the number of workstations usedby parallel jobs. To verify this, we used two di�erentparallel applications based on PVM [14]. The resultsare shown in Figure 11, where the x-axis contains thenumber of nodes that participated in the calculation,and the y-axis shows the calculated normtime. Obvi-ously, the normtime is almost completely independentof the number of workstations.4.4. Predicting RuntimesTo obtain proper runtime estimations for future runsof the same job, we have to distinguish between two
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16 O. Arndt et al. / A Comparative Study of Online Scheduling Algorithms for Networks of Workstationstween the two processes of the job in discussion runningon the slowest and fastest machine, respectively. If thisdi�erence is smaller than 10%, then the job is classi�edas belonging to type 1, otherwise to type 2.5. Experimental Results in a WorkstationNetworkIn order to investigate whether the results of the sim-ulations described in Section 3 carry over to a real jobmix on a network of workstations, we performed a se-ries of measurements. For these experiments, severaldi�erent versions of the Winner system manager wereimplemented, each providing a di�erent scheduling al-gorithm. The measurements were restricted to FirstFit,Back�lling, and FIFO, because the �rst two are those weare primarily interested in as a result of the simulations.FIFO was taken as a reference algorithm.The job mix was randomly generated out of �ve dif-ferent types of jobs: three sequential applications andtwo parallel PVM applications. The total number ofjobs was set to 100. The jobs were executed on a net-work of 22 Digital ALPHA workstations, mostly thesame which acted as a template for the distribution ofprocessing performance used in Section 3.The job types we used are listed in Table 1. pi is asimple program which calculates the �rst 20000 decimaldigits of �. It mainly uses lots of simple integer opera-tions. The well-known raytracer POV{Ray [10] has beenused for rendering a simple scene as a representative forapplications with a high portion of 
oating point oper-ations. Its normalized runtime is about the double thanthat of pi. The third sequential job, sim, is the schedul-ing simulator used in Section 3. It uses a mix of integerand 
oating point operations and has a medium sizedmemory footprint. Its runtime is about twice that ofpovray.As parallel jobs two simple PVM applications havebeen selected: mandel is a manager/worker style ap-plication computing images of the Mandelbrot set. Itsway of performing the parallel computation is inher-ently load balancing, so Winner will assign job type1 to it as explained in Section 4.4. Its normalized run-time is between those of pi and povray, resulting in quiteshort run times when lots of workstations are used inparallel. The second PVM application was taken fromthe PVM implementation of the NAS Parallel Bench-

Table 1Job types.Name normalized runtime typepi 190s sequentialpovray 420s sequentialsim 850s sequentialmandel 300s parallelpvmep 4800s parallelmarks [41]. pvmep creates pairs of random numbersand applies some stochastic tests to them. It uses astatic partitioning of the problem which can cause aload imbalance when workstations with di�erent pro-cessing speeds are used, thus it is classi�ed as job type2. The job mix was randomly assembled from thesejobs. The ratio of sequential jobs has been selectedto be 70%. The parallel jobs are subdivided into 70%of small and 30% of large parallel jobs requiring morethan 11 CPUs. The time span for job creation was 90minutes. It has been chosen according to the makespanthat was estimated to be somewhat less than two hours.Our measurements have been performed on week-ends when the workstations were almost idle. The jobmix was scheduled once by each algorithm, except forBack�lling where two runs were performed: Prior to the�rst run, Winner had no knowledge at all about thejobs' runtimes. Due to this fact, no back�lling couldbe used during the �rst minutes of the schedule. Aftereach type of job has been successfully run at least once,there is su�cient data available for Winner to predictthe runtime of further runs of the same job, thus en-abling back�lling. Thus, for the second Back�lling run,Winner was allowed to use the information it gatheredduring the execution of the �rst run, and back�llingcould be used for all jobs right from the beginning.Figure 12 presents the results of our measurements.First of all, FIFO generally performs worst with the ex-ception of the maximum waiting time objective whereit is at least able to compete with FirstFit. All threealgorithms yield similar makespans. Back�lling, on itssecond run, actually achieves a lower makespan thanFirstFit. Still, FirstFit performs better than FIFO.With respect to the average 
owtime, FirstFit out-performs the other algorithms, especially FIFO. Whenlooking at the maximum waiting time results, both FIFOand Back�lling yield a much lower maximum waitingtime than FirstFit. This was predicted by the simula-
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Figure 12. Results of scheduling a random job mix on the localnetwork of ALPHA workstationsFinally, the second run of the Back�lling algorithmimproves the results for all three objective functionsfrom its corresponding �rst run. This di�erence is obvi-ously caused by the initial phase in the �rst run whereBack�lling behaves like FIFO due to lack of informationabout the jobs' runtimes.To summarize, the results match those of thescheduling simulator quite well. Except for the aver-age 
owtime, Back�lling performs better than or equalto FirstFit. When compared to FIFO, it yields bettervalues for all objective functions. These results con�rmour simulation results in which Back�lling was the bestof the algorithms we considered for an online schedulingproblem.6. Related WorkSchedulers are, in a very general sense, concernedwith selecting resources on which to run applicationprocesses in a coordinated way such that certain ob-jectives (such as high resource utilization or fast appli-cation execution) are met. For sequential applications,scheduling is only concerned with selecting computingresources (CPUs) for application execution. The mostprominent system of this kind is the Condor resourcemanager [28]. Condor is oriented towards high through-put computing [29]. In this sense, it assigns applica-tions to suitable, idle CPUs to run on. As with Win-ner, Condor's scheduling is non-preemptive in the sense

that process migration is considered to be very timeconsuming and hence not used for improving schedulesbut only as a \last resort action" whenever a CPU cur-rently used by Condor becomes unavailable. BecauseCondor is focused on sequential applications, it sched-ules processes in a FIFO order, augmented by a userpriority scheme. Condor has limited support for par-allel applications based on PVM [14] for which it bun-dles several application processes to a PVM virtual ma-chine while burdening the administration of added orremoved processes to the application code itself. TheCARMI library [33] provides such application code forrunning manager/worker style parallel applications ontop of PVM and Condor.For parallel applications, the processes not only haveto be assigned to available CPUs, they also have to co-operate as e�ciently as possible. This can be achievedin multiple software layers. So-called \application-levelschedulers" [5] come into play once a parallel applica-tion has been started. They use application-speci�c per-formance models (e.g. for completion times of given sub-tasks), parameterized by dynamic resource performancecapacities. The objective of application-level sched-ulers is to minimize the completion time of an applica-tion based on a given (possibly dynamically changing)set of resources. Techniques like guided self-scheduling[31] and trapezoid self-scheduling [39] are simple exam-ples of application-level schedulers for loop-based, data-parallel applications.In space-sharing systems , application processes aregranted exclusive access to their resources. In this case,application-level scheduling often is su�cient to e�-ciently use the given processors. Alternatively, in time-sharing systems application processes have to competefor their CPUs with other, unrelated processes. In thiscase, parallel execution of communicating processes canbe very ine�cient when the time slices assigned to theprocesses belonging to the same application are not syn-chronized. This problem may cause additional delayswhen sending or receiving messages to unsynchronizedpeer processes. A technique called gang scheduling orcoscheduling [13,15] aims to overcome this problem, ei-ther by changes to the operating system-level scheduleror by a user-level approximation technique that simulta-neously sends signals to process groups. Proportional-share scheduling [3] extends this idea by additionallyassigning credits to applications such that all processes



18 O. Arndt et al. / A Comparative Study of Online Scheduling Algorithms for Networks of Workstations(sequential, interactive, and parallel jobs) get fair sharesof CPU time.The study presented in this paper discusses onlinebatch scheduling algorithms, aiming to optimize systemutilization and application turnaround time by elabo-rate placement of processes to CPUs. The schedulingtechniques discussed so far in this section hence rathercomplement our work. Those approaches should prefer-ably be used in addition to Winner's batch scheduler.We will now discuss other resource management sys-tems providing batch schedulers.The BATCH system [32] was designed to managemultiple batch job queues. It provides remote queues,which may be assigned to a speci�c machine, and alsoload balanced queues. Load balanced queues are spec-i�ed by a set of hosts which decide among themselveson which host the current job will be executed. Such ascheduling decision is mainly based on the current loadaverages of the hosts. Users can start and suspend jobsat speci�c times and/or days. BATCH does not supportparallel jobs.The Generic Network Queueing System (GNQS) [21]was developed by the NASA as a successor of the UNIXbased Network Queueing System (NQS). The goals ofits design were to provide full support of both batchand device requests (e.g. line printer requests) and theremote queueing and routing of such requests throughthe network of machines. The standard algorithm isFIFO, but the scheduler is supposed to be easily mod-i�able on an installation by installation basis. Paralleljobs are not supported.QBATCH [4] is a batch processing system which han-dles multiple queues. Each queue is totally independentof the others, and the administrator can reorder the jobsin a queue. The scheduling algorithm is FIFO. Paralleljobs are not supported.The experimental UNIX based Distributed QueueingSystem DQS [17] was developed at the SupercomputerComputations Research Institute (SCRI) at FloridaState University. DQS (formerly DNQS) was in its �rstversion conceptually similar to NQS. In the current ver-sion, the scheduler is based on queue complexes whichcan be de�ned by the administrator. There is no infor-mation about the scheduling algorithms in use. DQSsupports parallel jobs using the PVM, P4, and P5 com-munication libraries.EASY, the Extensible Argonne Scheduler System [27]

designed by Argonne National Laboratory was devel-oped to provide fair and simple job scheduling whilee�ciently using the available resources. The scheduleruses a back�lling FIFO algorithm which depends onuser-speci�ed runtimes. To enable the users to predictruntimes and to have optimum performance, each jobhas exclusive access to the requested nodes, i.e. back-ground load on a workstation is not permitted. EASYsupports parallel jobs using PVM, MPI, P4, and MPL.CODINE (Computing in Distributed Networked En-vironments) [8] was developed by GENIAS Software inorder to provide satisfactory resource utilization in het-erogeneous workstation networks. It provides severalqueues which are assigned to workstations. Addition-ally, there exists a central pending queue, where incom-ing jobs are stored until they can be scheduled to amachine. The codine scheduler uses a FIFO algorithm,but additional attributes can be speci�ed by the ad-ministrator. CODINE supports parallel jobs using thePVM and EXPRESS communication libraries.CONNECT:QUEUE is a commercial version of NQS[4] that is very similar to GNQS. It provides three typesof queues, namely batch queues which support a per-centage mechanism for scheduling and running jobs, de-vice queues and pipe queues. The batch queue schedul-ing algorithm is based on the percentage of physicalmemory used, CPU utilization and a queue job limit.Parallel jobs using PVM and Linda are supported.The Load Sharing Facility (LSF) [4,42] is a load shar-ing and batch queueing system for heterogeneous UNIXenvironments. It allows several parameters to be speci-�ed by the administrator. Such parameters are resourceunits for particular users, preemptive scheduling (i.e.jobs of lower priority can be preempted by jobs of higherpriority) or run- and dispatch-windows, which can beused to limit queues to certain time spans. Users cancustomize their own scheduling algorithms. LSF sup-ports parallel jobs based on PVM, Linda, DSM andTCGMSG.In comparison, Winner's batch scheduling systemsupports sequential as well as parallel PVM and makejobs. Its modular structure allows to easily add furtherparallel job types like e.g. MPI [18] applications. As aresult of this study,Winner uses a back�lling FIFO al-gorithm while the scheduler learns application runtimesfrom previous runs, removing the burden of runtime es-timation from the user. The feasibility of runtime pre-



O. Arndt et al. / A Comparative Study of Online Scheduling Algorithms for Networks of Workstations 19diction from historical data has also been shown by oth-ers [22,36]. Winner's batch scheduler assigns at mostone process at a time to a workstation in order to avoidperformance degradation by memory contention. Thisis a reasonable design decision for networked worksta-tions which are usually rather limited in main memory.Even in dedicated parallel machines like the ASCI Blue-Paci�c, at most 2 or 3 processes are scheduled to eachCPU to avoid memory congestion [13].Winner uses a conservative back�lling FIFO algo-rithm that tries not to delay any waiting job by �llinggaps in the schedule. The work in [11] backs our de-cision in showing that conservative back�lling is equiv-alent to aggressive back�lling which only tries not todelay the �rst waiting job in the queue. A further im-provement could be obtained by slack-based back�lling[38] which uses so-called slack values re
ecting the rel-ative importance of the jobs. This techniques needsboth user-selected and administrative priorities whichare currently not available toWinner's scheduler. An-other possible improvement could so far not be imple-mented inWinner's batch scheduler due to missing in-formation. So-called malleable jobs [9] are parallel jobsthat can run with di�erent numbers of processors froma given interval, and possibly use additional CPUs inthe middle of the run when they become available. Thepresence of such jobs would give a large degree of free-dom to Winner's back�lling scheduler but would alsocomplicate scheduling strategies.7. ConclusionsIn this paper, we studied the behavior of six algo-rithms for online scheduling of batch jobs, namely �rstin �rst out (FIFO), FIFO with back�lling, FirstFit, ran-dom, largest processing time �rst (LPT), and shortest pro-cessing time �rst (LPT), by simulation. We comparedthe performance of these algorithms with respect tothree di�erent objective functions: the makespan, aver-age 
owtime, and maximum wait time. The makespanindicates the overall system utilization whereas average
owtime and maximum wait time represent how wellindividual jobs are treated by the scheduler.If only sequential jobs have to be scheduled, the sim-ple FIFO algorithm performs best by minimizing themaximum waiting time while having good to averageresults with respect to makespan and 
ow time. LPT

and SPT su�er from starvation problems (high maxi-mum waiting time) for short or long running jobs, re-spectively. The random algorithm performs surprisinglywell for minimizing makespan and 
owtime, but alsosu�ers from high maximum waiting times.When parallel jobs have to be scheduled too, theFIFO algorithm looses its e�cacy because its strict ex-ecution order may cause workstations to be idle un-til su�ciently many machines become available for thenext job to be scheduled. The back�lling version ofFIFO and the FirstFit algorithm perform better, becausethey try to �ll the gaps caused by standard FIFO. Ino�ine settings, FirstFit performs best, because in thiscase the maximum waiting time directly depends on themakespan which is slightly better than the makespanof back�lling FIFO. In online scheduling situations, thelatter is superior, because FirstFit tends to delay paral-lel jobs that require many workstations until the �nalexecution phase in which the machine utilization thendrops signi�cantly. In this case, back�lling FIFO per-forms better because it �lls gaps based on estimatedruntimes.Based on our simulation results, we then imple-mented the algorithms FIFO, FIFO with back�lling, andFirstFit in the framework of the Winner resource man-agement system, and performed experiments with thethree algorithms in a real workstation network. The re-sults of the experiments showed that both FirstFit andthe back�lling FIFO perform signi�cantly better thana strict FIFO. Both algorithms produce similar valuesfor the makespan, while back�lling FIFO yields smallermaximum waiting times. Whenever our back�lling FIFOlacks runtime information for a given job, it acts likea strict FIFO. This drawback only a�ects the initial\learning phase" of the algorithm. As soon as the algo-rithm has information about (almost) all job identi�ca-tions, its bene�ts become apparent.The behavior of Winner's scheduler may further beimproved by adaptively switching between FirstFit andthe back�lling FIFO, depending on the length of the jobqueue which indirectly indicates whether a given situ-ation is \more online" or \more o�ine". Furthermore,alternative job placement strategies may be considered,e.g. by trying to assign presumably long-running jobsto faster workstations. Finally, the e�ects of preemp-tive scheduling (trading the overheads of checkpointingand migration against a higher 
exibility for applying
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