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Networks of workstations o er large amounts of unused processing time. Resource management systems are able
to exploit this computing capacity by assigning compute-intensive tasks to idle workstations. To avoid interferences
between multiple, concurrently running applications, such resource management systems have to schedule application
jobs carefully. Continuously arriving jobs and dynamically changing amounts of available CPU capacity make traditional
scheduling algorithms dicult to apply in workstation networks. Online scheduling algorithms promise better results by
adapting schedules to changing situations. This paper compares six online scheduling algorithms by simulating several
workload scenarios. Based on the insights gained by simulation, the three online scheduling algorithms performing
best were implemented in the Winner resource management system. Experiments conducted with Winner in a real
workstation network con rm the simulation results obtained.

1. Introduction
Networks of workstations are by now ubiquitous general purpose computing platforms. Since the console
users of workstations in a network typically do not fully
utilize the processing capabilities of their machines (e.g.
while editing text, reading mail, browsing the Web, or
being physically absent), the idle time of workstations is
frequently as high as 95%. On the other hand, there is
a high demand for computing power driven by applications from elds like simulation and optimization [29].
Software packages that assign such compute-intensive
applications to idle workstations are known as resource
management systems (RMS) [4]. Such systems have to
cope with two con icting objectives. First, interactive
tasks demand minimal completion time to satisfy human users sitting in front of a workstation. Second, noninteractive background tasks (sequential as well as parallel batch jobs) demand maximal throughput to complete as many jobs as possible within given time constraints.
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
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tasks in group (a) have to be executed without interference by any tasks from other jobs, because otherwise
users would not be willing to make their machines available to workstation pools controlled by a RMS. Under
this restriction, a RMS can assign additional interactive jobs (such as compile or text formatting jobs) to
fast workstations, making them accessible to owners
of slower machines. Additionally, a RMS can execute
batch jobs on fast or idle workstations to maximize system throughput (i.e. the ecient utilization of all resources) under the constraint of providing predictable
individual completion time and fairness of execution
among the tasks.
Unlike dedicated compute servers, such as workstation clusters (i.e. physically adjacent, interconnected
workstations without monitors and keyboards), or symmetric multiprocessors (SMP) with shared memory,
networks of workstations form heterogeneous collections
of individual machines. They di er not only in CPU
speeds, but also in their hardware architectures, operating systems, and application software. These restrictions split the available nodes into subsets able to service particular requests. Job placement decisions then
happen by choosing nodes from members of such a subset. In general, the goals of resource management sys-
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tems for such a heterogeneous workstation network environment are threefold:
1. The RMS has to keep track of the current state of
the workstations in the network. For each machine,
static resources like hardware architecture, computational speed, and main memory capacity have to
be recorded. The current utilization of a machine
and the occupancy by a console user must be monitored dynamically.
2. Interactive tasks have to be scheduled immediately
on the currently best suited machine able to service
a given request.
3. Batch jobs have to be scheduled in a way that follows the two objectives of maximizing throughput
while minimizing individual job completion times.
Whenever the set of pending batch jobs exceeds the
available computational resources, jobs have to be executed in a coordinated manner to avoid performance
penalties caused by interferences between multiple concurrent jobs. Coordinated execution of batch jobs is
called scheduling . Its goal is to make all available workstations share the total load by carefully assigning jobs
to workstations.
With scheduling systems, jobs are entered into waiting queues after their creation, and the scheduler then
selects jobs from these queues as resources become available. Settings in which all jobs are available before the
scheduler begins planning their execution schedule are
called oine scheduling problems. In contrast, settings
where the scheduler must make a decision for presently
arriving jobs while some other jobs are already running in the system are called online scheduling problems [34,35,40]. Since in typical workstation networks
jobs are permanently created while other tasks are already running, and available CPU capacity changes dynamically due to interfering interactive jobs, traditional
oine scheduling algorithms are hardly applicable.
Online scheduling has recently attracted the attention of several researchers. Theoretical results have already indicated the performance of online scheduling
algorithms in terms of lower and upper bounds [34].
In contrast, the goal of this paper is to comparatively
evaluate several online scheduling algorithms by studying their performance in practice. To get basic insights
and to cover a large variety of scheduling scenarios in
a timely manner, we developed a simulator for online

scheduling algorithms. Based on our simulation results,
we integrated the most suitable online scheduling algorithms into the Winner RMS [1] and veri ed our ndings in a real workstation network.
Since in this paper we focus on the behavior of online scheduling algorithms, we do not discuss issues
like queue management, handling user priorities, and
matching between job requests and available resources,
although solutions to each of these problems were implemented in Winner. Furthermore, we restrict our study
to scheduling by placement of batch jobs onto available
workstations in a network. Finer grained scheduling
issues like task switching in operating-system kernels,
or application-level load distribution (e.g. on the loop
level) are beyond the scope of this particular study.
The paper is organized as follows. Section 2 discusses
objective functions for online scheduling. In section 3,
several online scheduling algorithms are compared by
simulation. The Winner resource management system
along with its scheduling and runtime prediction algorithms is presented in Section 4. Section 5 evaluates the
performance of Winner's online scheduling algorithms
in a real workstation network. Section 6 reviews related
work. Section 7 concludes the paper and discusses areas
for future research.

2. Online Scheduling
As already mentioned, there are two basic types of
scheduling problems: online and oine scheduling [34].
In oine scheduling, the entire set of jobs to be scheduled including relevant information (in particular, the
runtime of each job) is known before a scheduling decision is made. In online scheduling, a scheduling decision
must be made as soon as one or more jobs are available
to be started. There is no information about the arrival
of additional jobs in the future, and the runtimes of the
present jobs may or may not be known. In general, in
both oine and online scheduling, preemption of jobs is
optional. For the scope of this paper, however, preemption is not considered. Once a job has been assigned to
a machine, it stays there until it is nished. This is a
reasonable assumption for networks of workstations in
which task migration is very costly (if at all possible)
and easily outweighs the possible improvements on the
schedule. Also due to the nature of workstation networks, we investigate centralized scheduling algorithms
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only which can be executed on a server machine with
negligible overhead on the overall system performance.
Any solution to a scheduling problem aims to optimize a particular objective function. The most common
objective functions are:

 makespan Cmax : the di erence between the nish

time (i.e. the termination time) of the last job and
the release time (i.e. the arrival time in the system)
of the rst job;
 owtime P Fi : the sum (total owtime) or the average (average owtime) of the di erences between
the nish and release times of all jobs;
 maximum waiting time (maximum lateness) Lmax:
the maximum of the di erences between the start
times (i.e. the time when a job starts executing) and
the release times of all jobs.

Most scheduling algorithms proposed in the literature try to minimize the makespan. The makespan
measures the performance of the system in the sense
that the entire set of jobs will be scheduled in such a
way that it takes as little time as possible to nish all
jobs, without focusing on any single job. Minimizing the
owtime means that the time each job is in the system
should be as small as possible, such that jobs should be
nished soon after they were released. The maximum
waiting time measures the fairness of the corresponding
algorithm: no job should be blocked by other jobs for a
long time (especially by jobs with later release times).
Since we need a comparative value for the corresponding objective function, a scheduling algorithm is
characterized by its competitive ratio  [16,34]. An algorithm is called -competitive for a given objective function, if for each input instance the schedule is at most
 times larger than the optimal schedule.
There are di erent online scheduling paradigms discussed in the literature. We discuss the two most realistic models.
In the rst online scheduling paradigm, jobs can either be started immediately upon arrival, or they may
be delayed and started later (i.e. there is a queue).
The running time of each job is unknown until the job
is nished. If we assume that there is an oine competitive algorithm (with respect to the makespan)
where all jobs are given at time 0, Sgall proved that a
2-competitive online algorithm exists [34]. However,
without knowledge of the running times of jobs, there
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is not much on which a reasonable scheduling decision
can be based.
In the second online scheduling paradigm, jobs are
arriving over time [30] and placed into a queue. Their
runtimes are known when they arrive in the queue.
It has been shown that there is a 2-competitive algorithm [35] (with respect to the makespan) for any online scheduling of jobs arriving over time. The lower
bound of the competitive ratio of any online algorithm
(with respect to the makespan) is 1.3473 [7] if no preemptions are allowed. If preemptions are allowed, there
are (1+)-competitive algorithms for any  > 0 [34]. A
summary of lower and upper bound results for jobs arriving over time for several objective functions has been
presented by Vestjens [40]. Throughout this paper, we
will use such a setting. In an actual implementation,
runtimes may either be user speci ed or automatically
derived from historical data.
The theoretical analysis of online scheduling algorithms is concerned with proving upper and lower
bounds and determining the competitive ratios for
particular objective functions. In practice, however,
bounds for particular objective functions are of limited value, since quite often either algorithms with a
balanced behavior for di erent objective functions are
needed, or in certain circumstances an algorithm with
a high upper bound may be acceptable if this bound
is reached only in a few exceptional cases. Furthermore, most theoretical analyses are based on assuming
an environment with identical machines, exact running
times, exclusive machine access, only sequential jobs
etc. In a realistic environment, there are heterogeneous
workstations running with di erent speeds, which usually depend on a variety of other factors, such as the
current load. Quite often the set of jobs to be scheduled consists of sequential and parallel jobs (with or
without exact running times).
Furthermore, in a resource management system for
networks of workstations there is no single suitable objective function that should be minimized. Since in
such a system jobs are arriving permanently, there is
no closed set of jobs and thus no makespan according
to the de nition given above. Minimizing the owtime
comes closest to the goal of a resource management system, but since no job should be delayed for a very long
time, and starvation of (parallel) jobs should be prevented, the maximum waiting time of each job must
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also be minimized in order to allow the system to be
accepted by its users.

3. Comparison of Online Scheduling Algorithms
To investigate the characteristics of di erent online
scheduling algorithms in practice, we performed a comparative study based on extensive experiments as an
alternative to mathematical analysis.
The most realistic experimentation approach would
be to implement di erent algorithms as part of the
scheduling module of Winner, create various job mixes
of real applications and execute them on a workstation
network. However, the completion time for running
such job mixes makes it practically impossible to perform sucient numbers of measurements. Furthermore,
workload from other workstation users would prevent us
from studying the behavior of our scheduling algorithms
in isolation.
Instead, we implemented a simulator for online
scheduling algorithms for sequential and parallel jobs in
networks of workstations. This approach solves both of
the above problems, because competing workload does
not a ect the results. Furthermore, simulations can be
performed orders of magnitude faster compared to the
execution of real jobs. Based on our simulation results,
we implemented the best-suited algorithms as part of
Winner. We veri ed our ndings with a few, carefully
selected experiments performed in a real workstation
network while isolating the network from other users.
We describe those measurements in Section 5. In this
section, we discuss the candidate online scheduling algorithms, we describe our simulation environment, and
we present the ndings of our simulation-based experiments.
3.1. Scheduling Algorithms

We will now present the properties of the scheduling
algorithms implemented in our simulator.

 FIFO:
First In First Out is the most obvious and simplest

algorithm for online scheduling. All jobs are started
in exactly the same order in which they arrive in the
queue. There is no exception to this rule. When the
next job in the sequence cannot be started, FIFO will
not try to start any of the succeeding jobs.

The main problem with FIFO is the possible presence of large gaps of unused machines when the next
job to be scheduled is one requiring a large number
of nodes. E.g. consider a situation where a single
sequential job is running on one node while all other
nodes are idle, and the next job in the waiting queue
is a parallel job that requires all of the nodes. Since
one machine is still busy, the parallel job cannot be
started immediately, which in turn stops all other
jobs in the waiting queue from getting started, although most of them would need fewer nodes than
available. This causes many nodes to idle until the
single machine job nally terminates, allowing the
parallel job to be executed.
The advantage of FIFO is that it can be easily and
eciently implemented, its behavior is highly predictable and its order of job execution is fair, i.e. no
job can be delayed by jobs that are submitted at a
later time.

 FirstFit:

The FirstFit algorithm examines the waiting jobs in
the order of their arrival in the queue and executes
the rst of these jobs for which enough machines are
available. In contrast to FIFO, a single job cannot
block all other jobs from becoming active. Thus,
FirstFit will generally achieve a much higher node
utilization. As long as there are jobs in the waiting
queue which need only a few nodes, this algorithm
can keep most of the machines busy.
The drawback, however, is that parallel jobs requiring a large fraction of the nodes can be signi cantly
delayed by smaller jobs. In case of an in nite stream
of jobs requiring a small number of nodes, it is theoretically possible that a large parallel job will never
be started. Another disadvantage is FirstFit's limited
predictability, because newly submitted jobs can further delay the start of a job which has already waited
for some time.

 Random:

Random is similar to FirstFit, with the exception that
the next job is picked randomly out of the jobs in the
waiting queue. Thus, each job in the queue has the
same chance of getting started at a given point of
time regardless of its position within the queue. Obviously, compared to FirstFit it is even harder to predict when a given job will be scheduled, and therefore
the maximum waiting time is in general higher.
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 LPT:
Largest Processing Time First simply selects the job
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tional delay of the large parallel job. This is basically
done by calculating the size of the remaining gap, i.e.
the time di erence between the predicted starting
time of the parallel job, and the current time. This
gap will be consecutively compared to the runtime of
each waiting job. If a job's runtime is smaller than
the size of the gap, the job ts into the gap and will
be started right away.
The Back lling FIFO tries to get the best of both
worlds: a good utilization of all nodes and thus a
small makespan like FirstFit, and the fairness, good
predictability (a job might be started earlier than
expected, but not later) and small maximum waiting
time of FIFO. However, to be able to back ll jobs
successfully, the predicted runtimes must be quite
accurate, since otherwise the parallel job causing the
gap will be delayed by the back lled ones.

requesting the longest processing time [23,34]. If this
job cannot be started, other jobs will have to wait
as well. The idea behind this scheme is to minimize
the makespan, mainly by avoiding situations where
a single long-running job becomes the dominating
factor 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 dicult to apply this algorithm to a scheduling
problem when the available nodes have di erent (or
{ even worse { varying) processing capacity. This
is due to the fact that in this case a job's runtime
depends on both the amount of computations it performs and the speed of the nodes it will be scheduled
on. The latter factor, however, will vary depending
on the job's degree of parallelism and the current
state of the nodes. The LPT algorithm studied in 3.2. The Online Scheduling Simulator
this paper just compares the jobs' static processing
The simulator models a set of nodes (workstations)
time needs.
with
possibly di erent processing performance, a job
 SPT:
Similar to LPT, the Shortest Processing Time First mix of several independent jobs and several scheduling
algorithm uses job processing times as the criterion algorithms. Each job is submitted to the waiting queue
for deciding which job to start. However, the job at a di erent point of (simulation) time. All jobs in the
ordering is the exact opposite, i.e. the job having waiting queue are subject to the scheduling algorithm's
job selection function and may hence be scheduled on a
the lowest processing time is started rst.
This procedure aims to minimize the average waiting subset of the nodes. Once a node is assigned to a job,
time of all jobs, since short running jobs are started it is marked as busy and not available to process any
near the beginning of the schedule and will not be other job until the active job has terminated.
In the scheduling model implemented in the simuladelayed by those with higher runtimes. Accordingly,
tor,
the scheduling algorithm itself has the sole purpose
this results in a higher makespan as the most expensive jobs are started last, and there is a high proba- of deciding which job - if any - to schedule at a given
bility of one of them running exclusively for a signif- point of time. The actual placement of this job onto the
icant fraction of time, thus extending the makespan. corresponding nodes is the same for all algorithms: A
Again, the SPT algorithm investigated in this paper greedy scheme is used that always assigns the selected
uses the static processing time attribute of each job job to the currently fastest idle node. This scheme is
and blocks all waiting jobs if the selected job cannot quite natural and yields proper results. There are some
situations, however, where ignoring a very slow workbe started due to a shortage of free nodes.
station in favor of a faster machine to become available
 FIFO with Back lling:
The Back lling FIFO is a modi ed FIFO algorithm. soon may result in a shorter makespan, potentially at
the price of increased waiting times.
FIFO's main problem is its low utilization of the comThe simulator's outer loop de nes a number of itputing nodes due to the possible occurrence of large
erations.
In each iteration, a xed number of jobs is
time gaps with several nodes unused whenever a parallel job requiring a large number of nodes has to be randomly created, constituting the job mix for this run.
spawned. The idea of back lling is to place short- Each of these jobs is de ned by the following attributes:
running jobs into this gap without causing an addi-

 queueing time:
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The queueing time is the point of time at which the
job is submitted to the queue; prior to this point the
job is not known to the scheduling algorithm.

 degree of parallelism:

For sequential jobs, the degree of parallelism is set
to 1. For parallel jobs, the degree of parallelism is a
xed number smaller or equal to the total number of
nodes and determines the number of nodes the job
will occupy. A job cannot be started if its degree of
parallelism exceeds the number of available nodes.

 processing time:

The processing time is the total CPU time the job
will consume on a workstation with a normalized
speed. For parallel jobs, the processing time is accumulated over all processes. The runtime of the job is
the quotient of this processing time and the speed of
the node(s) it is scheduled on. Thus, we assume that
the jobs are purely CPU bound, i.e. no signi cant
fraction 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 simulation itself is started using the rst scheduling algorithm.
Queueing and process termination events are handled
by managing the state of the nodes and activating the
scheduling algorithm for each event. Makespan, average owtime and maximum waiting time are calculated
after all jobs were successfully scheduled and have completed their simulated execution.
Next, the simulation is repeated with another algorithm. After all algorithms have scheduled the same
given job mix, the next iteration is started by generating a new job mix. When all iterations are done,
an average is calculated for each objective function and
algorithm. The simulator can be controlled by the following parameters:

 percentage of sequential jobs (Ps ):

The ratio between the number of sequential and parallel jobs.

 percentage of large parallel jobs (Plp ):

The ratio between the number of small and large
parallel jobs; a large parallel job is de ned to require
at least 50% of all nodes.

 timespan of job creation (Tc;max):

The range of time during which the jobs are created, i.e. submitted to the waiting queue; for oine
scheduling, Tc;max = 0, since all jobs are created at
the same time.

 sequential job processing time (ts;min / ts;max):
The minimum and maximum processing time that
sequential jobs consume; the actual processing time
of each sequential job is uniformly distributed within
these limits.

 parallel job processing time (tp;min / tp;max):

The minimum and maximum processing time for
parallel jobs; the actual processing time of each parallel job is uniformly distributed within these limits.

3.3. Simulation Results

To get a better understanding of the properties of
the algorithms, di erent scheduling scenarios are presented. Starting with the most basic case of scheduling,
(sequential jobs, oine, and in a homogeneous environment), each new scenario will become more complex
and realistic or will, alternatively, focus on a di erent
parameter. Each plot shown below displays a single objective function (either makespan, average owtime or
maximum waiting time) for several algorithms as a function of some variable while all other parameters remain
xed. We will mainly concentrate on the makespan and
the maximum waiting time, because the former can be
interpreted to represent the overall performance of the
 number of iterations:
schedule, while the latter indicates the fairness for each
The total number of iterations for the simulation; individual job.
larger numbers of iterations simply yield more accurate results, since the inherent randomness causes 3.3.1. Oine Scheduling of Sequential Jobs
signi cant uctuations between single runs.
The rst scenario is a simple oine scheduling prob number of jobs (n):
lem: All jobs are submitted to the queue at the beginThe number of jobs for each job mix.
ning of the simulation, the job mix consists of sequential
 set of nodes:
jobs only, and there are 10 nodes of equal processing
The number and relative speed of the computing speed. Without any parallel jobs, FirstFit and Back llnodes.
ing are identical to FIFO and have thus been excluded
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from the plots. For an oine problem like this one,
the maximum waiting time di ers from the makespan
only by a constant factor, approximately a single job's
runtime. Therefore, we focus on makespan and average
owtime.
makespan
14000

FIFO
SPT
LPT
Random
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is quite low, with LPT performing best, just as anticipated. FIFO, SPT and Random yield very similar results.
With respect to the owtime, SPT is clearly superior to the other algorithms, in particular to LPT which
maximizes the ow time. This result is in accordance
to the discussion in Section 3.1.

3.3.2. Online Scheduling of Sequential Jobs
In the next experiment, the previous scenario is
10000
transformed
into an online setting. The maximum pro8000
cessing time is set to 50000 seconds, while the timespan
6000
for creating jobs (Tc;max) varies from 0 (the oine case)
to 10000 seconds. The larger the timespan, the less jobs
4000
are
known to an algorithm at a given time, since the re2000
lease times are distributed over a larger fraction of the
0
makespan. As shown in Figure 2, the makespan rst
0
20000
40000
60000
80000
100000
maximum processing time for sequential jobs [s]
only slightly increases with growing Tc;max. Then, the
average flow time
release time of the last job becomes the dominating fac9000
FIFO
tor,
resulting in a linear increase of the makespan for
SPT
8000
LPT
all algorithms.
Random
7000
The average owtime (not shown graphically) de6000
creases
almost linearly for increasing values of Tc;max,
5000
until it approaches an average runtime of about 255 sec4000
onds
which is the average runtime of all jobs. The rel3000
ative performance of the algorithms is about the same
2000
as in the previous case.
1000
The maximum waiting time is the most interesting
0
0
20000
40000
60000
80000
100000
objective function here. It generally decreases with
maximum processing time for sequential jobs [s]
higher values of Tc;max, because less jobs pile up in
the waiting queue. While FIFO yields an immediate
Ps = 100%
Plp = |
and clear improvement, the other algorithms have much
ts =1000 = 1 { 100 tp =1000 = |
higher maximum waiting times for 1000 < Tc;max <
TC;max = 0
nodes = 10
7000. For very high values of Tc;max, the maximum
n = 250
speed = equal
waiting time approaches zero for all algorithms, because
nearly all jobs can be started immediately without havFigure 1. Oine scheduling of sequential jobs
ing to wait for a free node.
In this environment, FIFO is clearly the algorithm
In Figure 1, the makespan and the average owtime of choice. Its good results for the maximum waiting
are displayed as a function of the maximum processing time more than compensate its slight disadvantage with
time. Here and in the following gures, the selected respect to the makespan and owtime functions.
simulator parameters (as listed above) are shown at the
gure's bottom. In our rst scenario, the minimum pro- 3.3.3. Online Scheduling of Mixed Sequential and
cessing time ts;min has been set to 1000 seconds, while
Parallel Jobs
the maximum time ts;max ranges from 1000 to 100000
In Figure 3, parallel jobs are introduced to the simuseconds. Clearly, both the makespan and the average lations. Tc;max is set to 10000 seconds. The percentage
owtime get larger with increasing ts;max . The rela- of sequential jobs Ps is varied between 20% and 100%.
tive deviation of the di erent algorithms' makespans
time [s]

time [s]

12000
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ts =1000 = 1 { 50
tp =1000 = |
TC;max = 0 { 10000s
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n = 250
speed = equal

Ps = 20% { 100%
Plp = 30%
ts =1000 = 1 { 50
tp =1000 = 10 { 400
TC;max = 10000s
nodes = 10
n = 250
speed = equal

Figure 2. online scheduling sequential jobs

Figure 3. mixing sequential and parallel jobs

By introducing parallel jobs, the behaviors of FIFO,
Back lling and FirstFit become distinguishable, which
is why the latter two algorithms have been added to
the plots. Random, however, has been omitted, because
it behaves very similar to FirstFit, with the exception of
producing a higher maximum waiting time. The processing time of parallel jobs has been set to range from
10000 to 400000 seconds as opposed to 1000 - 50000
seconds for their sequential counterparts. This is motivated by the fact that parallel jobs will usually have
higher needs for processing time. The actual runtime
depends on the job's degree of parallelism. Since in this
scenario 10 nodes of equal speed are used, the runtime
of a parallel job requiring almost all of the nodes is similar to that of a sequential job.
When comparing the makespan plot to the previous
ones, it becomes apparent that the relative di erence

between the algorithms is much higher for a suciently
high ratio of parallel jobs. FIFO is by far the worst performer when confronted with parallel jobs. This is due
to the gap problem discussed in Section 3.1. Basically,
the same applies to SPT and LPT, which also block
waiting jobs if the one that was selected by the scheduling algorithm cannot be started due to a shortage of
free nodes. Compared to FIFO, their makespans are
nevertheless signi cantly better. This can be explained
by the fact that with SPT and LPT the selected job can
vary when new jobs are submitted to the queue, while
FIFO stays with its selection until enough nodes become
available. FirstFit has always the lowest makespan, but
Back lling comes very close to FirstFit's performance.
Both algorithms achieve this by avoiding or lling gaps
that a ect the other algorithms, respectively.
With respect to the maximum waiting time, the be-
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3.3.4. Online Scheduling with Di erent CPU Speeds
The next scenario (Figure 4) deals with nodes having di erent computing speeds. Their relative speeds
as measured by Winner were taken from 22 ALPHA
workstations in our local network. In this simulation,
the job processing times and the creation time span
were adjusted to better match the higher available CPU
power. Otherwise, most jobs could have been started
right away without any need of queueing.
Because the graph for the makespan is very similar
to the previous one, it has been omitted for this experiment and replaced by a plot of the average owtime.
Similar to the makespan, FirstFit performs best for the
average owtime, followed by Back lling. SPT yields
rather good results which is not surprising as it has been
designed to minimize owtime. LPT and FIFO perform
worst; LPT because of its inherent property to minimize
the makespan at the expense of a high owtime, while
FIFO su ers from its bad makespan results.
Back lling and FIFO perform best with respect to the
maximum waiting time, because the creation time range
has been enlarged in relation to the makespan. This
leads to a situation which exhibits stronger characteristics of an online problem, i.e. most jobs are arriving
over time without too many of them being present in
the waiting queue at the same time. Algorithms which
tend to start jobs in the order of their release times can
achieve much lower maximum waiting times than other
algorithms, which is true as long as the makespan is
suciently small. This is the reason why FirstFit outperforms FIFO for higher ratios of parallel jobs.

average flow time
3500

FIFO
Backfill
SPT
LPT
FirstFit

3000

time [s]
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havior of the algorithms changes. Back lling is clearly
the best algorithm, while FirstFit is much worse, but
for high numbers of parallel jobs, both algorithms behave similarly. This is caused by the higher ratio between makespan and creation time span, such that the
maximum waiting time cannot be much lower than
Cmax ? TC;Max, i.e. the time di erence between the termination of the last job and the latest release time. It
is also interesting that FIFO is highly competitive for
high values of Ps , but performs much worse with an increasing number of parallel jobs where again the higher
makespan of FIFO dominates. LPT and SPT exhibit the
highest maximum waiting time, because they share the
disadvantages of not starting the jobs in the order of
their arrival and of a relatively large makespan.
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Ps = 50% { 100%
Plp = 30%
ts =1000 = 2 { 100
tp =1000 = 20 { 800
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nodes = 22
n = 250
speed = varying
Figure 4. Online Scheduling with di erent CPU speeds

3.3.5. Online Scheduling in a Large Network
To see whether the simulation results scale to a larger
network without qualitative di erence, the number of
nodes has been changed to 100. The distribution of the
nodes' relative speeds was adopted from the previous
scenario.
The only algorithm whose results have undergone a
signi cant change is FIFO. Its problem of building large
gaps of unused nodes has become worse, since there are
simply more workstations that can be blocked from being used at the same time. This manifests itself in both
a higher makespan and maximum waiting time when
a suciently high number of parallel jobs is present.
Apart from this e ect, increasing the number of nodes
has not a ected the simulation very much.
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Figure 5. Online scheduling in a large network

Figure 6. Online scheduling with a varying degree of parallelism

3.3.6. Online Scheduling with a Varying Degree of
Parallelism
Next, we focus on the importance of the degree of
parallelism. We do this by altering the percentage of
large parallel jobs Plp . These are de ned as jobs which
require at least 50% of all workstations, so no two of
them can be running in parallel.
Whereas the makespan of the schedules generated
by FirstFit and Back lling is nearly independent of Plp ,
FIFO gets steadily worse for 0% < Plp < 50% as can
be seen in Figure 6. For small values of Plp , LPT can
compete with FirstFit and Back lling (with respect to
the makespan) but falls back when more and more jobs
require more than half of the nodes. SPT actually performs best with very low or very high percentages of
large jobs while behaving worse when confronted with
an even distribution.

For the maximum waiting time, the situation changes
slightly: While the e ect on FIFO is greatly ampli ed,
FirstFit's maximum waiting time curve rises steeply until Plp reaches about 20% before it gradually declines.
Again, LPT and SPT yield the worst results with a
higher percentage of large jobs causing higher waiting
times. Back lling is by far the best performer for all
values of Plp .
3.3.7. Online Scheduling with Varying Creation Range
As already mentioned for some of the previous scenarios, the ratio between the makespan and the time
range for job creation has a strong e ect on the relative
performance of the di erent algorithms with respect to
the maximum waiting time. If the makespan is much
bigger than the job creation time range, a high percentage of all jobs are present in the waiting queue concur-
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rently. Thus, after an initial phase with jobs arriving
at the queue over time, the problem is e ectively converted into an oine setting. The longer the phase of
job creation is in relation to the makespan, the more the
characteristics of an online problem become e ective.
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makespans for high values of TC;max.
The maximum waiting time objective function is
much more interesting. For the oine case, it is close to
the makespan Cmax for all algorithms. When TC;max is
raised, the maximum waiting time instantly decreases
for FIFO and Back lling. SPT and LPT remain on their
oine levels until the creation time span is close to the
makespan. After that, the maximum waiting time decreases rapidly. The turning point for LPT is located
at higher values of TC;max than that of SPT and, interestingly, after an initial decline, the maximum waiting
time actually rises before the turning point. The same is
observable with FirstFit, but to an even greater extent:
At rst the waiting time behaves similarly to that of the
Back lling algorithm. After slowly leveling out, it rises
signi cantly, with its peak located near TC;max = 5000s
before nally sloping down.
The Back lling algorithm is clearly superior to all
other algorithms for the middle range of TC;max. SPT
and FirstFit are competitive if all release dates are close
to the beginning of the simulation. FirstFit outperforms
Back lling with respect to the makespan. It needs no
processing time information and is easy to implement.
Hence, it is the algorithm of choice when parallel jobs
have to be scheduled is a setting which is mostly oine.
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ts =1000 = 2 { 100
tp =1000 = 20 { 800
TC;max = 0 { 10000s
nodes = 22
n = 250
speed = varying
Figure 7. Online scheduling with varying creation range

To explore the consequences of the Cmax =TC;max ratio more deeply we created a scenario where TC;max is
varied (Figure 7). For the oine problem (TC;max = 0)
the di erent algorithms' makespans are in the range
of about 4500s - 7000s; their relative performance is
similar to the previous simulations. When TC;max approaches the oine Cmax , the makespan begins to rise
concurrently with TC;max, since the latest job release
date determines the minimum makespan that can be
achieved. Thus, the algorithms yield almost identical

3.3.8. Online Scheduling with Fuzzy Knowledge of
Processing Times
So far, perfect a-priori knowledge of the jobs' processing times was assumed in all simulations. Clearly, this
assumption is not realistic. To estimate the impact of
erroneous runtime predictions, the simulator was modi ed to deliver deliberately wrong processing time information to the algorithms. The erroneous processing
time terr is derived from the real one tproc by the simple
scheme terr = tproc  f respectively terr = tproc
f (one of
these two equations is chosen randomly for each job),
where f = 1 + (rand()  perr ). rand() denotes a random
number generator which generates evenly distributed
values in the interval [0; 1) and perr denotes the relative
error, i.e. perr = 1 allows 0:5 tproc < terr < 2 tproc .
In Figure 8 the results of erroneous processing time
information are shown for relative errors of 0% ? 500%
(perr = 0 : : : 5). Above, we identi ed FirstFit and Backlling as being superior, so SPT and LPT have been
dropped. FIFO has been included as a reference. Because both FIFO and FirstFit do not use processing time
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have expected. Obviously, with a relative error of 500%,
there will be a signi cant number of false placement decisions, i.e. Back lling will try to start jobs within a gap
which, in fact, is too small for the job's runtime. However, these faults do not a ect the objective functions
as strongly as expected. If the simulation results carry
over to scheduling in a real workstation cluster where
knowledge of a job's processing time is often very limited, using a Back lling algorithm in these environments
seems to be reasonable. From the simulations it is evident that Back lling is especially strong when the jobs
do not arrive too rapidly, i.e. jobs are created over a
signi cant fraction of time with respect to the corresponding makespan. Otherwise, the FirstFit algorithm
may be preferred.

2000
1500
1000
FIFO
Backfill
FirstFit

500
0
0

100

200

300

400

500

relative error [%]

Ps = 70%
Plp = 30%
ts =1000 = 2 { 100 tp =1000 = 20 { 800
TC;max = 4000s
nodes = 22
n = 250
speed = varying
Figure 8. Online Scheduling with fuzzy knowledge of processing
times

information, the results for these algorithms should be
independent of perr . However, minor deviations in the
plots can be observed, because for each value of perr
di erent job mixes were randomly created.
Back lling, however, can be expected to su er from
fuzzy processing time data, since it uses this information to decide whether or not to place a speci c job into
a gap of unused nodes. As shown in Figure 8, increasing
perr does actually enlarge the makespan of the Back lling 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 still
perform better than FIFO and much better than FirstFit
with respect to maximum waiting time.
The impact of fuzzy processing time information on
Back lling is clearly noticeable but less than one might

In this section, we studied the behavior of six algorithms for online scheduling of batch jobs. The performance of these algorithms was compared with respect
to three di erent objective functions. The makespan
indicates the overall system utilization whereas average
owtime and maximum waiting time represent how well
individual jobs are treated by the scheduler.
If only sequential jobs have to be scheduled, the simple FIFO algorithm performs best by minimizing the
maximum waiting time while having good to average
results with respect to makespan and ow time. LPT
and SPT su er from starvation problems (high maximum waiting time) for short or long running jobs, respectively. The random algorithm performs surprisingly
well for minimizing makespan and owtime, but also
su ers from high maximum waiting times.
When parallel jobs have to be scheduled too, the
FIFO algorithm looses its eciency because its strict
execution order may cause workstations to be idle until
enough machines become available for the next job to
be scheduled. The back lling version of FIFO and the
FirstFit algorithm perform better, because they try to
ll the gaps caused by standard FIFO. In oine settings,
FirstFit performs best, because in this case the maximum waiting time directly depends on the makespan
which is slightly better than the makespan of back lling FIFO. In online scheduling situations, the latter is
superior, because FirstFit tends to delay parallel jobs
that require many workstations until the nal execution phase in which the machine utilization then drops
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signi cantly. In this case, back lling FIFO performs better because it lls gaps based on estimated runtimes.
To verify our ndings, we varied the basic parameters
used in our simulations. We scaled up our simulation
to a large number of machines, we varied the percentage of parallel jobs in the job mix, and we varied the
time range in which jobs are created. All three kinds of
variations had only minor in uence on our simulation
results, con rming their validity. Finally, we investigated the in uence of erroneous runtime estimation on
the eciency of the back lling FIFO. Surprisingly, even
extremely wrong estimates had only moderate impact
on the computed schedules, as observed by the objective functions. This result provides a strong argument
for the ecacy of back lling FIFO.

4. Online Scheduling in Winner
The Winner resource management system supports
the execution of interactive and batch jobs in networks
of Unix workstations [1,2]. Interactive jobs may either
use text terminals or graphical user interfaces based on
the X-window system for input/output. Batch jobs may
either be sequential or parallel; as parallel jobs, the gnu
make tool and custom PVM applications are supported.
Winner supports uniprocessor and SMP machines, and
runs on Digital Unix, FreeBSD, HP-UX, Linux, and
Solaris.
In this section, we present Winner's system design
along with its support for online scheduling, consisting
of data acquisition, runtime normalization, and runtime
prediction.
4.1. Winner system structure

has been designed for typical Unix networks
of workstations, consisting of a central server and several workstations. The various tasks of the Winner
system are performed by three kinds of manager processes as shown in Figure 9: system managers, node
managers, and job managers. Additionally, there are
several user interface tools e.g. for status reports, for
in uencing the availability of individual workstations,
and for managing batch queues.
The system manager is the central server process of
a Winner network. Its duties include (a) collecting the
load information of all respective workstations, (b) controlling the currently active jobs, (c) assigning hosts to
Winner

13

Figure 9. Manager processes in a Winner cluster.

interactive job requests, and (d) managing batch queues
and executing scheduling algorithms.
On every host in a Winner network, a node manager performs the tasks related to the machine it runs
on. First of all, it periodically measures the host's utilization. It reports to the system manager the host's
architecture, memory size, as well as the machine's base
speed Sb (measured in the absence of workload at boot
time with a standardized benchmark), and the currently
available speed Sc , taking the current workload into
account. Furthermore, node managers are responsible
for starting and controlling Winner processes on their
node. Whenever a job terminates, the node manager
reports the consumed CPU time to the system manager.
System and node managers run as daemon processes.
In contrast, job managers are invoked by a Winner
user in order to execute interactive jobs, or to enqueue
a batch job. Thus, job managers are part of Winner's
user interface. For interactive jobs, their duties are (a)
acquiring resources from the system manager, (b) starting processes on the acquired nodes via the respective
node managers, and (c) controlling and possibly redirecting input and output of the started processes. For
batch jobs, Winner provides a special \meta" job manager wqueue that enqueues a job instead of executing it
immediately. The respective job manager is then activated under the control of the system manager when
the job is actually scheduled. A detailed description of
Winner's batch queueing facility can be found in [2].
To implement the back lling FIFO algorithm, the
system manager needs proper runtime information
about each job it has to schedule. In the following, we
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describe how runtime information is collected and how independent of a workstation. In the following, we call
future runtimes are predicted using this information.
this value normtime (Tnorm).
Winner computes the average Tnew of several normtimes similar to the load average value in Unix kernels
4.2. Collecting Information
as a weighted moving average using the former average
Told and the recently calculated normtime Tnorm, where
There are two possibilities to obtain the runtime of 0 < < 1:
a job. One is to urge the user to specify the estimated
runtime of each submitted job. The second possibility is
Tnew =  Told + (1 ? )  Tnorm
(1)
to measure the processing time a job has consumed during execution and to use this information for predicting
4.3. Calculating Normtime
the runtimes of similar jobs in the future.
Forcing a user to specify the runtime of a job is probWhereas the runtime of each process of a job is mealematic. Often users cannot properly estimate the runtime, and even if they could, wrong timings may be sured by the corresponding node manager, the system
speci ed on purpose to gain scheduling advantages over manager computes the normtime based on the runtimes
other users. Such a behavior could only be defeated by of all processes belonging to a job. To do so, the sysaborting jobs which exceed their estimated runtimes, tem manager has to calculate the percentage PCPU;i of
but this is certainly unsatisfactory for users trying to the CPU obtained by each process i. This calculation
is based on the times tuser;i and tsystem;i the process
estimate their runtimes properly.
Automatic runtime collection and prediction by the executed user and system routines, respectively, and
system is not trivial, either. The runtime of each job or treal;i , the total execution time of the process. With
process depends on a variety of factors. Even if a pro- these times, we get the percentage of CPU utilization
gram consumes a constant amount of processing units, for a single process i:
the speed of the workstation in charge determines the
t
+t
actual execution time. The speed of the workstation,
(2)
PCPU;i = 100  user;i system;i
treal;i
however, depends on both its maximum performance
Using (2) and the (known) maximum speed Sb;j of
and on the actual concurrent work load. Furthermore,
hardly any program consumes a constant amount of workstation j where process i was executed, the system
processing units, due to possibly di erent command line manager can determine the normtime Tnorm as follows:
arguments or input les being processed.
X t  Sb;j  PCPU;i (3)
Nevertheless, in Winner we decided to gather runTnorm =
real
100
time information automatically. Each job that is subprocesses
mitted to the system is speci ed by an identi er. The
Combining (2) and (3), we get the normtime as:
identi er consists of the name of the program without
a leading path or command line arguments. Obviously,
X S  (t + t ) (4)
Tnorm =
the major drawback of this approach is that di erent
b;j user;i system;i
processes
programs may have the same identi er and thus their
runtimes may di er signi cantly. On the other hand,
To verify whether the normtime is independent of
the advantage is that the runtime associated with each the speed and current load of a workstation, several
identi er consists of many values. Thus, if most iden- measurements were performed. A program for comti ers correctly indicate the same program, the average puting the value of  was used to measure the normmay be a good estimation.
time on four workstations of di erent speeds. AdditionTo take advantage of the runtimes of previous runs of ally, disturbing load was produced by executing several
a program, Winner has to calculate a time which nei- computation-intensive programs. The result is shown
ther depends on a particular workstation, nor on any in Figure 10, where the x-axis shows the percentage of
other simultaneously executed task. Thus, it is essen- CPU time obtained by the program computing , and
tial to convert the measured times to a value which is the y-axis shows the calculated normtime.
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Figure 10. normtime of sequential pi-calculation

Figure 11. normtime of parallel mandel and pvmep calculation

Ideally, all curves should form a single horizontal line
if the normtime is completely independent of the speed
and current load of a workstation. Since each single
curve is very close to a horizontal line, the normtime
actually is nearly independent of the background load.
With respect to the speed of the workstations there is
a deviation of about 20% between the highest and lowest normtime calculated. This deviation is an inherent
property of the way of representing the performance of
a workstation by a single number. To overcome this
problem, a suitable benchmark would have to take several parameters into account and deliver a full spectrum
of performance results [19,37]. Since the kind of performance requirements of a speci c application is not
known to Winner, there is no way of deciding which
of these results would best correlate with the behavior
of the application. Thus, simply using a scalar value
is the best we can do. Despite of the deviations observed, the normtime is independent of both the speed
and background load of a workstation to a large extent.
Another important property of the normtime should
be its independence of the number of workstations used
by parallel jobs. To verify this, we used two di erent
parallel applications based on PVM [14]. The results
are shown in Figure 11, where the x-axis contains the
number of nodes that participated in the calculation,
and the y-axis shows the calculated normtime. Obviously, the normtime is almost completely independent
of the number of workstations.

types of jobs. The rst type contains sequential and
load-balanced parallel jobs, where the work performed
by each workstation is proportional to its actual speed
value. In this case, the formula for the predicted runtime Tpredict is obtained by dividing the normtime by
the sum of the current speed SC;i of each workstation i
participating in the computation:

P

T
Tpredict = norm
i SC;i

(5)

Tnorm
n  Smin

(6)

The second type of job contains parallel jobs where
the workstation running at minimum current speed limits the execution time of the whole job. These are parallel programs where a given problem is divided by the
number of available nodes, and each node performs the
same amount of computation. In this case, Tpredict is
given by
Tpredict =

where n is the number of available nodes.
To decide which formula has to be used, we have
to know the type of job. Unfortunately, a decision between both types of job is possible only if the current
speeds of at least two workstations of the parallel job
are signi cantly di erent. This is essential because on
workstations having nearly the same current speed both
types of jobs perform equal work. Fortunately, experimental tests indicated that a proper identi cation of
the job type only requires a current speed di erence of
4.4. Predicting Runtimes
at least 10% between the slowest and fastest machine.
To obtain proper runtime estimations for future runs
Once this condition is satis ed, Winner detects the
of the same job, we have to distinguish between two type of job by computing the runtime di erence be-
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tween the two processes of the job in discussion running
on the slowest and fastest machine, respectively. If this
di erence is smaller than 10%, then the job is classi ed
as belonging to type 1, otherwise to type 2.

5. Experimental Results in a Workstation
Network
In order to investigate whether the results of the simulations described in Section 3 carry over to a real job
mix on a network of workstations, we performed a series of measurements. For these experiments, several
di erent versions of the Winner system manager were
implemented, each providing a di erent scheduling algorithm. The measurements were restricted to FirstFit,
Back lling, and FIFO, because the rst two are those we
are 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 different types of jobs: three sequential applications and
two parallel PVM applications. The total number of
jobs was set to 100. The jobs were executed on a network of 22 Digital ALPHA workstations, mostly the
same which acted as a template for the distribution of
processing performance used in Section 3.
The job types we used are listed in Table 1. pi is a
simple program which calculates the rst 20000 decimal
digits of . It mainly uses lots of simple integer operations. The well-known raytracer POV{Ray [10] has been
used for rendering a simple scene as a representative for
applications with a high portion of oating point operations. Its normalized runtime is about the double than
that of pi. The third sequential job, sim, is the scheduling simulator used in Section 3. It uses a mix of integer
and oating point operations and has a medium sized
memory footprint. Its runtime is about twice that of
povray.
As parallel jobs two simple PVM applications have
been selected: mandel is a manager/worker style application computing images of the Mandelbrot set. Its
way of performing the parallel computation is inherently load balancing, so Winner will assign job type
1 to it as explained in Section 4.4. Its normalized runtime is between those of pi and povray, resulting in quite
short run times when lots of workstations are used in
parallel. The second PVM application was taken from
the PVM implementation of the NAS Parallel Bench-

Name

Table 1
Job types.
normalized runtime

type

pi
povray
sim
mandel
pvmep

190s
420s
850s
300s
4800s

sequential
sequential
sequential
parallel
parallel

marks [41]. pvmep creates pairs of random numbers
and applies some stochastic tests to them. It uses a
static partitioning of the problem which can cause a
load imbalance when workstations with di erent processing speeds are used, thus it is classi ed as job type
2.
The job mix was randomly assembled from these
jobs. The ratio of sequential jobs has been selected
to be 70%. The parallel jobs are subdivided into 70%
of small and 30% of large parallel jobs requiring more
than 11 CPUs. The time span for job creation was 90
minutes. It has been chosen according to the makespan
that was estimated to be somewhat less than two hours.
Our measurements have been performed on weekends when the workstations were almost idle. The job
mix was scheduled once by each algorithm, except for
Back lling where two runs were performed: Prior to the
rst run, Winner had no knowledge at all about the
jobs' runtimes. Due to this fact, no back lling could
be used during the rst minutes of the schedule. After
each type of job has been successfully run at least once,
there is sucient data available for Winner to predict
the runtime of further runs of the same job, thus enabling back lling. Thus, for the second Back lling run,
Winner was allowed to use the information it gathered
during the execution of the rst run, and back lling
could 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 exception of the maximum waiting time objective where
it is at least able to compete with FirstFit. All three
algorithms yield similar makespans. Back lling, on its
second run, actually achieves a lower makespan than
FirstFit. Still, FirstFit performs better than FIFO.
With respect to the average owtime, FirstFit outperforms the other algorithms, especially FIFO. When
looking at the maximum waiting time results, both FIFO
and Back lling yield a much lower maximum waiting
time than FirstFit. This was predicted by the simula-
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tion results for an online scenario.
7000
FIFO
FirstFit
Backfill, 1st run
Backfill, 2nd run

6000

time [s]

5000

4000

3000

2000

1000

0
makespan

avg. flowtime

max. waiting time

Figure 12. Results of scheduling a random job mix on the local
network of ALPHA workstations

Finally, the second run of the Back lling algorithm
improves the results for all three objective functions
from its corresponding rst run. This di erence is obviously caused by the initial phase in the rst run where
Back lling behaves like FIFO due to lack of information
about the jobs' runtimes.
To summarize, the results match those of the
scheduling simulator quite well. Except for the average owtime, Back lling performs better than or equal
to FirstFit. When compared to FIFO, it yields better
values for all objective functions. These results con rm
our simulation results in which Back lling was the best
of the algorithms we considered for an online scheduling
problem.

6. Related Work
Schedulers are, in a very general sense, concerned
with selecting resources on which to run application
processes in a coordinated way such that certain objectives (such as high resource utilization or fast application execution) are met. For sequential applications,
scheduling is only concerned with selecting computing
resources (CPUs) for application execution. The most
prominent system of this kind is the Condor resource
manager [28]. Condor is oriented towards high throughput computing [29]. In this sense, it assigns applications to suitable, idle CPUs to run on. As with Winner, Condor's scheduling is non-preemptive in the sense
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that process migration is considered to be very time
consuming and hence not used for improving schedules
but only as a \last resort action" whenever a CPU currently used by Condor becomes unavailable. Because
Condor is focused on sequential applications, it schedules processes in a FIFO order, augmented by a user
priority scheme. Condor has limited support for parallel applications based on PVM [14] for which it bundles several application processes to a PVM virtual machine while burdening the administration of added or
removed processes to the application code itself. The
CARMI library [33] provides such application code for
running manager/worker style parallel applications on
top of PVM and Condor.
For parallel applications, the processes not only have
to be assigned to available CPUs, they also have to cooperate as eciently as possible. This can be achieved
in multiple software layers. So-called \application-level
schedulers" [5] come into play once a parallel application has been started. They use application-speci c performance models (e.g. for completion times of given subtasks), parameterized by dynamic resource performance
capacities. The objective of application-level schedulers is to minimize the completion time of an application based on a given (possibly dynamically changing)
set of resources. Techniques like guided self-scheduling
[31] and trapezoid self-scheduling [39] are simple examples of application-level schedulers for loop-based, dataparallel applications.
In space-sharing systems , application processes are
granted exclusive access to their resources. In this case,
application-level scheduling often is sucient to eciently use the given processors. Alternatively, in timesharing systems application processes have to compete
for their CPUs with other, unrelated processes. In this
case, parallel execution of communicating processes can
be very inecient when the time slices assigned to the
processes belonging to the same application are not synchronized. This problem may cause additional delays
when sending or receiving messages to unsynchronized
peer processes. A technique called gang scheduling or
coscheduling [13,15] aims to overcome this problem, either by changes to the operating system-level scheduler
or by a user-level approximation technique that simultaneously sends signals to process groups. Proportionalshare scheduling [3] extends this idea by additionally
assigning credits to applications such that all processes
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(sequential, interactive, and parallel jobs) get fair shares
of CPU time.
The study presented in this paper discusses online
batch scheduling algorithms, aiming to optimize system
utilization and application turnaround time by elaborate placement of processes to CPUs. The scheduling
techniques discussed so far in this section hence rather
complement our work. Those approaches should preferably be used in addition to Winner's batch scheduler.
We will now discuss other resource management systems providing batch schedulers.
The BATCH system [32] was designed to manage
multiple batch job queues. It provides remote queues,
which may be assigned to a speci c machine, and also
load balanced queues. Load balanced queues are speci ed by a set of hosts which decide among themselves
on which host the current job will be executed. Such a
scheduling decision is mainly based on the current load
averages of the hosts. Users can start and suspend jobs
at speci c times and/or days. BATCH does not support
parallel jobs.
The Generic Network Queueing System (GNQS) [21]
was developed by the NASA as a successor of the UNIX
based Network Queueing System (NQS). The goals of
its design were to provide full support of both batch
and device requests (e.g. line printer requests) and the
remote queueing and routing of such requests through
the network of machines. The standard algorithm is
FIFO, but the scheduler is supposed to be easily modi able on an installation by installation basis. Parallel
jobs are not supported.
QBATCH [4] is a batch processing system which handles multiple queues. Each queue is totally independent
of the others, and the administrator can reorder the jobs
in a queue. The scheduling algorithm is FIFO. Parallel
jobs are not supported.
The experimental UNIX based Distributed Queueing
System DQS [17] was developed at the Supercomputer
Computations Research Institute (SCRI) at Florida
State University. DQS (formerly DNQS) was in its rst
version conceptually similar to NQS. In the current version, the scheduler is based on queue complexes which
can be de ned by the administrator. There is no information about the scheduling algorithms in use. DQS
supports parallel jobs using the PVM, P4, and P5 communication libraries.
EASY, the Extensible Argonne Scheduler System [27]

designed by Argonne National Laboratory was developed to provide fair and simple job scheduling while
eciently using the available resources. The scheduler
uses a back lling FIFO algorithm which depends on
user-speci ed runtimes. To enable the users to predict
runtimes and to have optimum performance, each job
has exclusive access to the requested nodes, i.e. background load on a workstation is not permitted. EASY
supports parallel jobs using PVM, MPI, P4, and MPL.
CODINE (Computing in Distributed Networked Environments) [8] was developed by GENIAS Software in
order to provide satisfactory resource utilization in heterogeneous workstation networks. It provides several
queues which are assigned to workstations. Additionally, there exists a central pending queue, where incoming jobs are stored until they can be scheduled to a
machine. The codine scheduler uses a FIFO algorithm,
but additional attributes can be speci ed by the administrator. CODINE supports parallel jobs using the
PVM and EXPRESS communication libraries.
CONNECT:QUEUE is a commercial version of NQS
[4] that is very similar to GNQS. It provides three types
of queues, namely batch queues which support a percentage mechanism for scheduling and running jobs, device queues and pipe queues. The batch queue scheduling algorithm is based on the percentage of physical
memory 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 sharing and batch queueing system for heterogeneous UNIX
environments. It allows several parameters to be specied by the administrator. Such parameters are resource
units for particular users, preemptive scheduling (i.e.
jobs of lower priority can be preempted by jobs of higher
priority) or run- and dispatch-windows, which can be
used to limit queues to certain time spans. Users can
customize their own scheduling algorithms. LSF supports parallel jobs based on PVM, Linda, DSM and
TCGMSG.
In comparison, Winner's batch scheduling system
supports sequential as well as parallel PVM and make
jobs. Its modular structure allows to easily add further
parallel job types like e.g. MPI [18] applications. As a
result of this study, Winner uses a back lling FIFO algorithm while the scheduler learns application runtimes
from previous runs, removing the burden of runtime estimation from the user. The feasibility of runtime pre-
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diction from historical data has also been shown by others [22,36]. Winner's batch scheduler assigns at most
one process at a time to a workstation in order to avoid
performance degradation by memory contention. This
is a reasonable design decision for networked workstations which are usually rather limited in main memory.
Even in dedicated parallel machines like the ASCI BluePaci c, at most 2 or 3 processes are scheduled to each
CPU to avoid memory congestion [13].
Winner uses a conservative back lling FIFO algorithm that tries not to delay any waiting job by lling
gaps in the schedule. The work in [11] backs our decision in showing that conservative back lling is equivalent to aggressive back lling which only tries not to
delay the rst waiting job in the queue. A further improvement could be obtained by slack-based back lling
[38] which uses so-called slack values re ecting the relative importance of the jobs. This techniques needs
both user-selected and administrative priorities which
are currently not available to Winner's scheduler. Another possible improvement could so far not be implemented in Winner's batch scheduler due to missing information. So-called malleable jobs [9] are parallel jobs
that can run with di erent numbers of processors from
a given interval, and possibly use additional CPUs in
the middle of the run when they become available. The
presence of such jobs would give a large degree of freedom to Winner's back lling scheduler but would also
complicate scheduling strategies.

7. Conclusions
In this paper, we studied the behavior of six algorithms for online scheduling of batch jobs, namely rst
in rst out (FIFO), FIFO with back lling, FirstFit, random, largest processing time rst (LPT), and shortest processing time rst (LPT), by simulation. We compared
the performance of these algorithms with respect to
three di erent objective functions: the makespan, average owtime , and maximum wait time . The makespan
indicates the overall system utilization whereas average
owtime and maximum wait time represent how well
individual jobs are treated by the scheduler.
If only sequential jobs have to be scheduled, the simple FIFO algorithm performs best by minimizing the
maximum waiting time while having good to average
results with respect to makespan and ow time. LPT
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and SPT su er from starvation problems (high maximum waiting time) for short or long running jobs, respectively. The random algorithm performs surprisingly
well for minimizing makespan and owtime, but also
su ers from high maximum waiting times.
When parallel jobs have to be scheduled too, the
FIFO algorithm looses its ecacy because its strict execution order may cause workstations to be idle until suciently many machines become available for the
next job to be scheduled. The back lling version of
FIFO and the FirstFit algorithm perform better, because
they try to ll the gaps caused by standard FIFO. In
oine settings, FirstFit performs best, because in this
case the maximum waiting time directly depends on the
makespan which is slightly better than the makespan
of back lling FIFO. In online scheduling situations, the
latter is superior, because FirstFit tends to delay parallel jobs that require many workstations until the nal
execution phase in which the machine utilization then
drops signi cantly. In this case, back lling FIFO performs better because it lls gaps based on estimated
runtimes.
Based on our simulation results, we then implemented the algorithms FIFO, FIFO with back lling, and
FirstFit in the framework of the Winner resource management system, and performed experiments with the
three algorithms in a real workstation network. The results of the experiments showed that both FirstFit and
the back lling FIFO perform signi cantly better than
a strict FIFO. Both algorithms produce similar values
for the makespan, while back lling FIFO yields smaller
maximum waiting times. Whenever our back lling FIFO
lacks runtime information for a given job, it acts like
a strict FIFO. This drawback only a ects the initial
\learning phase" of the algorithm. As soon as the algorithm has information about (almost) all job identi cations, its bene ts become apparent.
The behavior of Winner's scheduler may further be
improved by adaptively switching between FirstFit and
the back lling FIFO, depending on the length of the job
queue which indirectly indicates whether a given situation is \more online" or \more oine". Furthermore,
alternative job placement strategies may be considered,
e.g. by trying to assign presumably long-running jobs
to faster workstations. Finally, the e ects of preemptive scheduling (trading the overheads of checkpointing
and migration against a higher exibility for applying
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back lling) seems to be worth investigating.
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