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Abstract

Size-based scheduling policies such as SRPT have been stud-
ied since 1960s and have been applied in various arenas includ-
ing packet networks and web server scheduling. SRPT has been
proven to be optimal in the sense that it yields—compared to any
other conceivable strategy—the smallest mean value of occupancy
and therefore also of waiting and delay time. One important pre-
requisite to applying size-based scheduling is to know the sizes of
all jobs in advance, which are unfortunately not always available.
No work has been done to study the performance of size-based
scheduling policies when only inaccurate scheduling information
is available. In this paper, we study the performance of SRPT and
FSP as a function of the correlation coefficient between the actual
job sizes and estimated job sizes. We developed a simulator that
supports both M/G/1/m and G/G/n/m queuing models. The sim-
ulator can be driven by trace data or synthetic data produced by
a workload generator we have developed that allows us to con-
trol the correlation. The simulations show that the degree of cor-
relation has a dramatic effect on the performance of SRPT and
FSP and that a reasonably good job size estimator will make both
SRPT and FSP outperform PS in both mean response time and
slowdown.

1. Introduction

In a queuing system, job requests continuoudly arrive to
be serviced by one or several serversor stations. A request
requires a certain service time to be completed. A request
is queued when it arrives and remains in the system until it
is complete, with the total time from arrival to completion
being called the sojourn time or response time. Scheduling
policies determine which requestsin the queue are serviced
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at any point in time, how much time is spent on each, and
what happens when a new request arrives. Common goals
of the scheduling policy are to minimize the mean sojourn
time (response time of the request), the average slowdown
(theratio of its responsetimeto its size), and to act fairly to
all requests.

Many policies are widely used due to their simplicity or
perceived fairness. First Come First Served (FCFS) isanon-
preemptive policy in which the requests are run to comple-
tion in the order in which they were received. A more com-
mon policy is Processor Sharing (PS), which is preemptive.
In PS al requests in the queue are given an equal share of
the server’s resources and al requests share roughly same
slowdown, thus PSis considered to befair. Generalized Pro-
cessor Sharing (GPS) generalizes PS with priorities. Often,
FCFS can be combined with PS or GPS, with FCFS dis-
patching of reguests from the queue to a pool of processes
or threads that are collectively scheduled using PS or GPS.
These polices ignore the service time or job size of the re-
quests.

Sized-based scheduling policies, such as Shortest Re-
maining Processing Time (SRPT) and the Fair Sojourn Pro-
tocol (FSP) incorporatethe servicetime or thejob size of the
request into their scheduling decisions, and thus can achieve
shorter mean response time than the scheduling policiesthat
ignore the job size information, such as FCFS and PS.

The primary concern with SRPT is the fear that large
jobs may starve under SRPT [23], that the average per-
formance improvements of SRPT over other policies stem
from SRPT unfairly penalizing large jobs in order to help
small jobs. Recent research [2, 11] has shown that the per-
formancegains of SRPT over PSinfact do not usually come
at the expense of large jobs.

These results make size-based scheduling more practi-
cal. However, size-based scheduling policies require a pri-
ori knowledge of job sizes, which is not always available.
This is another reason for the lack of broad application of
these policies [2]. All previous research work has targeted
ideal size-based policies where the job sizes are assumed to
be accurately known in advance. As a result, the behavior



of size-based scheduling policies with inaccurate schedul-
ing information is largely unknown. This paper is the first
work to address the question.

The rest of the paper is organized as follows. We talk
about related work in Section 2. In Section 3, we describe
our simulation setup and introduce a useful random num-
ber generator algorithm that allows us to control the corre-
lation between two random number series. Next, we show
simulation results on performance in Section 4, and fair-
ness results in Section 5. We conclude with two new appli-
cations of size-based scheduling policies in Section 6 that
would be made possible given reasonably accurate job size
estimators.

2. Related work

SRPT has been studied since the 1960s. Schrage first
derived the expression for the response time in an M/G/1
queue [19]. For a general queuing system (G/G/1) Schrage
proved in 1968 that SRPT is optima in the sense that
it yields—compared to any other conceivable strategy—
the smallest mean value of occupancy and therefore also
of waiting and delay time [18]. Schassberger obtained the
steady state appearance of the M/G/1 queue with SRPT pol-
icy in 1990. Perera studied the variance of delay time in
M/G/1/SRPT queuing systems and concluded that the
varianceislower than FIFO and LIFO [16]. Bux introduced
the SRPT principle into packet networks[4] in 1983.

Recently, SRPT [2, 21, 12, 11, 10] and FSP [10] havere-
ceived much attention in the context of connection schedul -
ing at web servers. Bansal, et a proved theoretically that the
degree of unfairness under SRPT is surprisingly small as-
suming an M/G/1 queuing model and heavy-tailed job size
distribution [2]. Gong, et al further investigated the fairness
issues of SRPT through simulation [11] and confirmed the
theoretical results regarding the asymptotic convergence of
scheduling policieswith respect to slowdown [13]. Harchol-
Balter, et al prototyped SRPT scheduling on Apache web
server and their evaluation showed the superiority of SRPT
over PS [12] in terms of mean response time. To further
improve the fairness of SRPT scheduling, Friedman, et al
proposed Fair Sojourn Protocol (FSP) that combined SRPT
with PS to trade off fairness with performance [10]. They
concluded that FSP is both efficient in a strong sense (sim-
ilar to SRPT), and fair, in the sense of guaranteeing that it
weakly outperforms processor sharing (PS) for every job on
any sample path.

All the previous research on size-based scheduling as-
sumes accurate knowledge of job sizes a priori, which is
not obtainablein many cases. To the best of our knowledge,
no work has been done to characterize size-based policies
with inaccurate scheduling information. Furthermore, most
theoretical work assumes the M/G/1 queuing model due to
its analytical simplicity. However, many computer systems

are better modeled with a G/G/n/m queuing model, where
both job arrival and job size distribution are not Poisson,
and there are n servers serving a queue with limited capac-
ity m. A web server isan example. Previousresearch [15, 9]
has shown that Poisson processes are valid only for model-
ing the arrival of user-initiated TCP sessions such asthe ar-
rival of TELNET connections and FTP connections. HTTP
arrivals are not Poisson. Previous work [9] pointed out that
the aggregated interarrival times of HTTP requests can be
modeled with a heavy-tailed Weibull distribution.

There has been significant work on the G/G/n queuing
model, and only the most closely related papers are listed
here. Tabet-Aouel, et a gave analytic approximations for
themean sojourntimeof P (P > 2) priority classesinasta-
ble G/G/c/PR queue with general class interarrival and ser-
vice time distributions and ¢ (¢ > 2) parallel servers under
pre-emptiveresume (PR) scheduling[22]. Boxma, et a con-
sidered aG/G/1 queuein which the service time distribution
and/or theinterarrival time distribution has aheavy tail, i.e.,
atail behavior liket = with 1 < v < 2, such that the mean
is finite but the variance is infinite. Depending on whether
the servicetime distribution is heavier than that of the inter-
arrival time distribution, they concluded that the stationary
waiting time can be model ed as either a Koval enko distribu-
tion or anegative exponential distribution[3]. However, we
are unaware of any anaytical resultson G/G/n/m for SRPT
or FSP scheduling in regimes where interarrival times and
service times are heavy-tailed.

To characterize size-based policies with inaccu-
rate scheduling information under more realistic queu-
ing models such as G/G/n/m, we developed a simula
tor that can support PS, FSP, and SRPT in both M/G/1/m
and G/G/n/m. The simulator operates on a trace of re-
quest arrivals, which can come either from real world
traces or from a trace generator. The trace contains the re-
quest arrivals, the actual job sizes, and the estimated job
sizes. Our trace generator allows us to control the cor-
relation coefficient R between actual job size and esti-
mated job size in atrace. Using the simulator and the trace
generator, we study the mean response time and slow-
down for SRPT and FSP scheduling policies with estimated
job size information. Our simulation experimentswith gen-
erated traces show that the performance of size-based
policies is strongly related to the degree of correla
tion (R) between estimated job size and actual job size.
For low values of R, these scheduling policies perform
worse than PS, but given a reasonably good job size es-
timator, SRPT and FSP can outperform PS in both mean
response time and slowdown.

3. Simulation setup

In this section, we describe our performance metrics,
simulator validation, synthetic trace generation and simu-



Scheduling Policy  Description

PS Processor Sharing scheduling policy.

SRPT Ideal Shortest Remaining Processing Time scheduler, job sizes are known accurately a priori.
The scheduler always choose the job with the shortest remaining size to serve first.

SRPT-E

Shortest Remaining Processing Time scheduler that uses estimated job sizes as scheduling information.

The scheduler always chooses ajob with the estimated shortest remaining size to serve first.

FSP Ideal Fair Sojourn Protocol
FSP-E

Fair Sojourn Protocol that uses estimated job sizes as scheduling information.

Figure 1. Scheduling policies used in the paper.

Queuing Model  Description
M/G/1/m Poisson arrival process; General job size distribution (Pareto and Weibull);
Single server ; Limited queue capacity m.
G/G/n/m General arrival process (Pareto and Weibull); General job size distribution (Pareto);

n servers ; Limited queue capacity m.

Figure 2. Queuing models studied in the paper.

lation parameters.

Throughout the paper, we refer to the scheduling poli-
cies as listed in Figure 1, and the queuing models used as
listed in Figure 2.

We set up the simulations driven by our synthetic traces
to investigate how the degree of the correlation (R) between
actual job size and estimated job size affects the perfor-
mance of SRPT-E and FSP-E, where estimated job size is
used as scheduling information, and compare them with a
size-oblivious policy (PS), ideal SRPT, and FSP where ac-
tual job sizes are assumed to be known apriori.

Using the standard definition [19], we define the load on
the queuing system as mean arrival rate divided by mean
service rate throughout the rest of the paper. Unless other-
wise stated, we fixed the load to be 0.9, making the queuing
system reasonably heavily |oaded.

3.1. Performance metrics

Our performance metrics are the mean response time and
slowdown.

e Mean response time: Response time refers to the time
span between ajob's arrival at and departure from the
server. It is also known as sojourn time or turn around
time. Mean response time has been used as a primary
performance metric in queuing theory [19, 2, 11].

e Slowdown: Using the definition introduced by Bansal
and Harchol-Balter [2], we define slowdown of a job
as the ratio of its response time to its size (or service
time). Slowdown is also referred to as normalized re-
sponsetime[2]. This metric isimportant becauseit re-
flects how long ajob waits in the system relative to its

size, thushelpsto evaluate unfairness. Under afair pol-
icy like PS, al jobs experience the same slowdown.

3.2. Simulator

Our simulator supports both M/G/LU/m and G/G/n/m
gueuing systems. It is driven by a trace in which each re-
quest containsthe arrival time, actual job size, and estimated
job size. We use synthetic traces generated with interarrival
times from exponential and bounded Pareto distributions,
actual job sizes from bounded Pareto distributions, and esti-
mated job sizes also from bounded Paretos. In the synthetic
traces, we directly control the correlation, R, between ac-
tual size and estimated size, as described later. Throughout
the rest of the paper each simulation is repeated 20 times
and we present the average.

Similar to Bansal and Harchol-Balter’swork [ 2], we con-
centrate on M/G/1/m queuing model for the simulations
presented in this paper. Simulations with G/G/n/m queu-
ing model show similar trends and the details can be found
in our technical report [14]. Figure 4 shows the parameters
of the bounded Pareto distributions used for the simulations
shown in the rest of the paper. We used identical bounded
Pareto distributions for both estimated job size and actual
job size distributions as shown in Figure 2.

We validated our simulator by:

e Assuringthat Little'slaw is never violated on each run,
using effective arrival rate as appropriate for limited
gueue capacity.

e Repeating the simulations described in Friedman and
Henderson's FSP paper [10]. We got nearly identical
results under FSP, SRPT, and PS policies.



e Comparing our simulation results with the analytic re-
sultsof Bansal and Harchol-Balter's SRPT fairness pa-
per [2]. Our simulation results are qualitatively consis-
tent with theirs.

3.3. Controlling R in synthetic traces

Given some parametric distribution, e.g. exponential,
and a target correlation coefficient R, we generate pairs of
random numbers where each number of the pair is chosen
from itsrequired distribution and where the two numbers of
the pair are correlated to degree R. To do this, we useasim-
plified Normal-To-Anything (NORTA) method. The basic
ideas and proofs behind NORTA were developed by Cario
and Nelson [5]. Given the distributions di s ¢ stimatedsize ad
diSqctualsize, OUr target correlation coefficient R and our
sample size N, the following algorithm generates N pairs:

1Setp=R

2 Generate two independent random numbers
z1,22 ~ N(0,1).

Bletyr =z1,y2 = px 1+ /(1 — p?) X 22

4 letuy = NormCDF(y1,0,1),
u2 = NormCDZF(y2,0,1) where NormCDZF (y;,0,1)
isthe CDF value of a standard normal distribution at y; for
¢ = 1, 2. It can be shown that u; ~ UJ0,1],7 = 1,2

5 let estimatedsize = Faﬁjw”mmedmze (u1),
actualsize = F(;Z.;Mtualsi” (u2) Where Fuis, i ateasize
Fais,pynarsi.. Ar€the CDFsof our desired distributions for
estimated size and actual size respectively. F;;! isthe
inverse of Fy;s.

6 Repeat steps 2-5 N times generating N pairs
{(estimatedsizej, actualsize;)}.

{estimatedsize;,j =1,...,N} and
{actualsize;,j = 1,..., N} aretwo correlated random
numbers each following their own distributions.

7 Compute the correlation coefficient of {estimatedsize;},
{actualsize; } and cal it premp. If premp > R, then
decrease p and go to step 2. If piemp < R, then increase p
and go to step 2. If pemp =~ R then stop.

Figure 3 gives some examples of estimated size/actua size
pairs generated for different values of R.

To show the correctness of this algorithm, we can try
following analysis. First, it is easy to see that yq,ys ~
N(0,1) and uy,us ~ UJ0,1], thus estimatedsize ~
disestimatedsize and actualsize ~ disactualsize- Second,
it can be shown that y; is correlated with y, and thus so
iswuq with us. Intuitively it follows that {estimatedsize;}
and {actualsize;} are correlated aswell. Cario and Nelson
showed that (1) ptemp IS @ NONdecreasing continuous func-
tion of p, and (2) ptemp and p share the same sign. These
properties guarantee the termination of the above simplified
NORTA algorithm and let us bound the values of R that can
be achieved by NORTA. If we sample p from O to 1, we can
estimate the range of p¢crp, Producing a set of sets of pairs,
ordered with increasing R as a side effect. This is exactly
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Figure 3. Examples of generated estimated
sizelactual size pairs.

how we generated correlated random pairs of file size and
service time. Depending on the structures of different dis-
tributions, piem;, May Not always take afull range of [0, 1],
which is why some of the results we show here have are-
stricted range of R.

In Section 4, we show the simulation results on mean re-
sponse time. We study slowdown as a function of job size
and correlation coefficient R in Section 5.

4. Simulation results on mean response time

To study the effects of the correlation R between actual
job size and estimated job size on the performance of SRPT-
E and FSP-E, we generated traces with controlled correla-
tion as described in the previous section. We used bounded
Pareto distributions for both actual job size and estimated
job size. For the arrival process, we consider Poisson ar-
rivals (exponential interarrival times), heavy tailed Pareto
arrivals, and heavy tailed Weibull arrivals. For all the simu-
lations of this section, theload (mean arrival rate divided by
mean servicerate) is 0.9, and the queue capacity is 5000. A
single server is assumed. Multiple servers are similar to the
single server case, hence the results are not shown here.

The scheduling policies used (SRPT, SRPT-E, FSP, FSP-
E and PS) are described in Figure 1. Each graph data point
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represents the average of 20 simulations, each of which has
processed 0.5 million job requests.

Figure 5 shows the effects of R on the mean response
time of different scheduling polices with a Poisson arrival
process, corresponding to the M/G/1/m queuing model. The
interarrival mean used to generate Poisson processis 0.264.
Notethat the Y axisisinlog scale. Heavy-tailed Pareto and
Weibull arrival process with the same job size distributions,
corresponding to the G/G/1/m queuing model, show simi-
lar results and thus are omitted here.

As shown in Figure 5, SRPT-E results in lower mean re-
sponse time than FSP-E does in most cases. The perfor-
mance of SRPT-E and FSP-E increases quickly with in-
creasing R. When R is very smal, SRPT-E and FSP-E
essentially behaves like a random scheduling policy, and
it is worse than PS in mean response time. When R ex-
ceeds a threshold, SRPT-E and FSP-E performance exceed
that of PS in both M/G/1/m and G/G/L/m. The threshold
is about 0.7 in our simulations. We believe thisthreshold is
a function of R and both distributions of job size and es-
timated job size. Beyond this point, SRPT-E and FSP-E’s
performance increases quickly with increasing R. The fig-
ure clearly showsthat SRPT performanceis strongly tied to
R, evenat highvaluesof R. Improvementsin estimating ac-
tual job size can dramatically improve SRPT and FSP for a
wide range of R.

The lack of accurate job size information has been an
important reason why SRPT is not widely deployed [2, 20].
Our simulations show that a reasonably good job size esti-
mator is required for SRPT-E and FSP-E to outperform PS
in terms of mean response time.

5. Simulation results on slowdown

Fairnessis one major concern when applying size-based
scheduling policies such as SRPT in practice. Theoreti-
cal [2] and simulation [11] work has shown that the degree
of unfairness under SRPT is very small. However, no work
has been done to study the fairness issue when the sched-
uler doesn’t have accurate job size information. Like pre-
vious work [2, 11, 10], we use slowdown as fairness met-
ric.

We evaluate the slowdown of SRPT-E and FSP-E as a
function of job size and the correlation coefficient R. Fig-
ures 6 through 11 show the slowdown versus the percentile
of the job size distribution, with R increasing from 0.0224
t00.9778. Notethat the Y axisisinlog scalein all thesefig-
ures. The job sizes are categorized into 100 bins with each
bin containing one percentile of the job size distribution.
Again theload of systemis0.9.

From Figures6 and 7, we can clearly see that both SRPT-
E and FSP-E perform very poorly compared to PS when
correlation isweak. This comes as no surprise because poor
estimation of job sizes would render these policies almost
equivalent to random scheduling. Much longer delays are
imposed on jobs across the board. However, as the esti-
mates improve, i.e. the increase of R values, the SRPT-
E curve moves downward. It begins to outperform PS at
R = 0.4022 for small jobs. For SRPT-E at the level of
R = 0.5366, jobs below the 30 percentile have lower slow-
down than with PS. For FSP-E, at the level of R = 0.5366,
the slowdown is close to that caused by PS.

When R increases to 0.7322, both SRPT-E and FSP-E
perform better than PS in general. For SRPT-E, close to
93% of the jobs have slowdown smaller than that of PS,
while for FSP-E, it appears that all jobs have lower slow-
down than that of PS. When estimated size is highly corre-
lated with actual job size, SPRT-E and FSP-E’s performance
closely resembles that of ideal SRPT and FSP (Figure 11).
Note that in most cases, the performance of ideal SRPT and
FSP is very close and not clearly distinguished in the fig-
ures.

Based on the smulation resultsin Section 4 and this sec-
tion, it is clear that both the mean response time and slow-
down of size-based policies heavily depend on the correla
tion between actual job sizes and estimated job sizes. Al-
though SRPT-E has alower mean response time than FSP-
E, it causes larger slowdowns when the correlation coeffi-
cient is larger than about 0.7.
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Figure 6. Slowdown as a function of the per-
centile of the job size distribution. Synthetic
traces, R = 0.0224, M/G/1/m, Pareto service
times, Poisson arrivals.
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Figure 8. Slowdown as a function of the per-
centile of the job size distribution. Synthetic
traces, R = 0.4022, M/G/1/m, Pareto service
times, Poisson arrivals.
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Figure 7. Slowdown as a function of the per-
centile of the job size distribution. Synthetic
traces, R = 0.239, M/G/1/m, Pareto service
times, Poisson arrivals.

The simulations have clearly shown that high correla-
tion between actual job sizes and estimated job sizes not
only helps SRPT-E and FSP-E to reduce the mean response
time, but also helps to achieve smaller slowdowns across
various job sizes. More important than an accurate predic-
tion for each job size isthe order of the jobs in the queue—
they need only be ordered by their size. A reasonably good
estimator will enable SRPT-E and FSP-E to outperform PS
in both mean response time and slowdown.
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Figure 9. Slowdown as a function of the per-
centile of the job size distribution. Synthetic
traces, R = 0.5366, M/G/1/m, Pareto service
times, Poisson arrivals.

6. New applications

In this section, we describe two applications where the
size-based policy could be successfully applied with area-

sonably good job size estimator.
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traces, R = 0.9779, M/G/1/m, Pareto service
times, Poisson arrivals.

6.1. P2P server side scheduling

Peer-to-Peer systems have grown significantly in pop-
ularity over the last few years. In the context of peer-to-
peer file sharing, research efforts have focused on routing,
search, incentives, and a few other topics. But no one has
looked at the server side scheduling problem except our own
ongoing work [17].

The server side of current file sharing P2P applications
such as Kazaa[1] issimilar to aweb server in that they both
accept requests for files and send back the requested files.
But there are significant differences between them from a
scheduler’s point of view. Requests to P2P nodes are typi-
cally asmall chunk of the complete file, and the amount of
data actually served is often a fraction of the request size.
Therefore, the job sizes cannot be known a priori for the
P2P application. Furthermore, while web servers can rea-
sonably assume full control over resources, P2P applica
tions are commonly configured with quite conservative up-
per bounds for each thread’s resource consumption to min-
imize their impact on other applications.

To apply the SRPT-E or FSP-E scheduling policies in
current P2P file sharing applications, we have to use esti-
mated job sizes as scheduling information. Our work [17]
shows that by using the requested data chunk size as the
scheduling metric, we can get a mean response time that
is only 30% of that of FCFS and 50% of that of PS. We
are currently working on better job size estimators to fur-
ther enhance the performance of the P2P applications.

6.2. Network backup system scheduling

Backups protect file systems form user errors, disk or
other hardwarefailures, software errorsthat may corrupt the
file system. The most common uses of backups are to re-
storefiles accidentally deleted by users and to recover from
disk failures. As more and more data needsreliable and effi-
cient backup, the backup techniques are becoming increas-
ingly important.

Chervenak, et a [6] has shown that as the capacities of
new storage devices continue to increase at a rate that is
much faster than the speed of disk and type access, it will
take increasing long to read the contents of adisk drive and
write them to a backup device. Therefore, it is very impor-
tant to improve the efficiency of backup systems.

Most current backup systems such as Amanda [8, 7] al-
low concurrent backupsin a networked computing environ-
ment, where multiple file systems are backed up in par-
allel to one or more backup systems. A network backup
system is similar to a web server in that they both trans-
fer alarge number of files between multiple machines via
network. However, unlike a web server, a network backup
system doesn’'t know the job sizes a priori because of the
use of the incremental backup scheme, which copies only
those files that have been created or modified since a pre-
vious backup. Furthermore, incremental backup schemes
that compute and store file differences are the extreme case,
where job size is not known until after completion.

If SRPT or FSP scheduling can be applied on network
backup systems, the mean response time could be lowered.
However, because the job sizes cannot be obtained in ad-
vance, estimated job sizes have to be used for scheduling.



We speculate that history-based time series predictors can
be applied to estimate the backup size for each machine,
and job priority can be assigned accordingly. We are cur-
rently studying this possibility.

7. Conclusions and future work

Through simulations, we have evaluated the perfor-
mance of size-based scheduling policies (SRPT and FSP,
with PS for comparison), as afunction of the correlation be-
tween actual job size and estimated job size. We found that
SRPT and FSP's performance strongly depends on the cor-
relation. When provided with wesk correlation, SRPT and
FSP can actually perform worse than PS, but given a rea
sonably good job size estimator, they can outperform PSin
both mean response time and the slowdown. We also de-
scribed two new applications of SRPT and FSP.

To generate correlated trace data for the simulation, we
introduced a new random number pair generation tech-
nique, where each number of the pair is chosen from its re-
quired distribution and they are correlated to degree R. This
technique can be very useful for simulation related research
inthis and other areas.

To the best of our knowledge, thiswork isthefirst to ad-
dressthe performance of size-based policieswith inaccurate
scheduling information. However, we believe that we have
by no means completely addressed this area. More simu-
lations and theoretical work are necessary for a better un-
derstanding. We are very interested in analytical results for
the impact of inaccurate job size information, and simula-
tion results for a wider range of workload characteristics.
We are studying the impact of inaccurate job size informa-
tion on web server performance[14]. Finally, we are study-
ing SRPT-scheduled P2P systems [17].
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